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1. Introduction

The relation between risk and expected return is a cen-
tral issue in finance with broad implications for investment
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behavior, corporate finance, and market efficiency. One of
the major stylized facts on the risk-return relation, and
about empirical asset pricing more broadly, is the obser-
vation that assets with low risk have high alpha, the so-
called low-risk effect (Black et al., 1972)." The literature
offers different views on the underlying economic drivers
of the low-risk effect and the best empirical measures. In
short, the debate is whether the low-risk effect is driven
by leverage constraints and risk should be measured using
systematic risk versus whether the low-risk effect is driven
by behavioral effects and risk should be measured using

1 We use the standard term “low-risk effect” to refer to the (risk-

adjusted) return spread between low- and high-risk stocks (i.e., it does
not just refer to low-risk stocks).
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idiosyncratic risk.” This paper seeks to test these theories
using broad global data, controlling for more existing fac-
tors, using measures of the economic drivers, and using
new factors that we call betting against correlation (BAC)
and scaled maximum return (SMAX), which help solve the
problem that the existing low-risk factors are highly corre-
lated.

The theory of leverage constraints for the low-risk
effect was proposed by Black (1972) and extended by
Frazzini and Pedersen (2011, 2014), who study an extensive
set of global stocks, bonds, credits, and derivatives based
on their betting against beta (BAB) factor. The systematic
low-risk effect is thus based on a rigorous economic the-
ory and has survived more than 40 years of out of sample
evidence. Further, a number of papers find evidence con-
sistent with the underlying economic mechanism of lever-
age constraints. Jylhd (2018) shows that exogenous changes
in margin requirements influence the slope of the security
market line; Boguth and Simutin (2018) show that funding
constraints as proxied by mutual fund beta predict BAB;
Malkhozov et al. (2016) show that international illiquidity
predict BAB; and Adrian et al. (2014) document a strong
link between the return to BAB and financial intermediary
leverage.’

The alternative view is that the low-risk effect stems
from behavioral biases leading to a preference for lottery-
like returns (Barberis and Huang, 2008; Brunnermeier
et al,, 2007) and, therefore, the focus should be on idiosyn-
cratic risk. Ang et al. (2006, 2009) find that stocks with
low idiosyncratic volatility (IVOL) have high risk-adjusted
returns in the US and internationally. In a similar vein, Bali
et al. (2011) consider stocks sorted on the maximum re-
turn (MAX) over the past month, finding that low MAX
is associated with high risk-adjusted returns.* Bali et al.
(2017) argue that the low-risk effect is driven by idiosyn-
cratic risk, not systematic risk. Also, Liu et al. (2018) pro-
pose that the low-risk effect is driven by idiosyncratic risk
and appears only among overpriced stocks.

The challenge with the existing literature is that it
seeks to run a horse race between factors that are, by con-
struction, highly correlated because risky stocks are usually
risky in many ways. Indeed, the reason that all these fac-
tors are known under the umbrella term “the low-risk ef-
fect” is that they are so closely related. The most powerful
way to credibly distinguish these theories is to construct
a new factor that captures one theory while at the same
being relatively unrelated to factors capturing the alterna-
tive theory. To accomplish this, we decompose BAB into
two factors: betting against correlation and betting against

2 A related but distinct debate is whether other factors subsume low-
risk factors or vice versa see, for instance, Novy-Marx (2014) and Fama
and French (2016). We also address this debate. We note that betting
against beta (BAB) and betting against correlation (BAC) are based on
equilibrium theories of asset pricing, while the other factors are ad hoc
empirical specifications.

3 See also the related evidence on corporate finance and banking (Baker
and Wurgler, 2015; Baker et al., 2020), benchmark constraints (Brennan,
1993; Baker et al., 2011) and leverage constraints and differences of opin-
ion (Hong and Sraer, 2016).

4 See also the measure related to idiosyncratic skewness studied by
Boyer et al. (2009).

volatility (BAV). BAC goes long stocks that have low cor-
relation to the market and shorts those with high corre-
lation, while seeking to match the volatility of the stocks
that are bought and sold. BAV goes long and short based
on volatility, while seeking to match correlation. This de-
composition of BAB creates a component that is relatively
unrelated to the behavioral factors (BAC) and a closely re-
lated component (BAV). To see that BAC is relatively un-
related to the behavioral-based factors, we note that the
long and short sides of BAC have similar average volatility,
skewness, and MAX.> At the same time, sorting on ex-ante
market correlation successfully creates a BAC factor that
is long stocks with low ex post market correlations (and
short stocks with high ones).

Because stocks with lower market correlations have
lower market betas when holding volatility constant, the
theory of leverage constraints implies that BAC has positive
risk-adjusted returns, just like BAB. Empirically, we find
that BAC is about as profitable as the BAB factor and that
BAC has a highly significant capital asset pricing model
(CAPM) alpha as predicted by the theory of leverage con-
straints. This evidence thus supports the theory of leverage
constraints and is clearly separate from the behavioral fac-
tors.

To address the findings of Liu et al. (2018), we double-
sort on their measure of each stock’s “mispricing” and our
measure of each stock’s correlation with the market, find-
ing that low-correlation stocks deliver higher risk-adjusted
returns in each quintile of mispricing and thus providing
further evidence that the low-risk effect is not just about
idiosyncratic risk or its interaction with mispricing. Mis-
pricing predicts stock returns controlling for correlation, so
leverage constraints do not explain all anomalies -a sepa-
rate role appears to exist for other effects as considered by
Liu et al. (2018).

Another challenge to the low-risk effect, both with sys-
tematic and idiosyncratic risk, is posed by Fama and French
(2016) who argue that a five-factor model of the market
(MKT), size (small minus big, SMB), value (high minus low,
HML), profitability (roust minus weak, RMW), and invest-
ment (conservative minus aggressive, CMA) explains the
low-risk effect (and the majority of the cross section of re-
turns more broadly, except for momentum). While they do
not test BAB explicitly, they suggest that no relationship
exists between alpha and systematic risk once controlling
for the five factors. We study this question explicitly, and
we also control for short-term reversal (REV), which is par-
ticularly relevant for the idiosyncratic risk factors (due to
their high turnover). We find significant alpha for BAB and
BAC for a variety of combinations of control factors in the
US and globally. For example, BAC has a five-factor alpha
of 0.6% per month (t-statistic of 5.3) in the US and 0.4% in
our global sample (t-statistic of 3.5).

Turning to the behavioral theory, we consider the fac-
tors that go long stocks with low MAX (LMAX) or low

5 The volatility is matched by construction, and the MAX characteristic
is matched due to its close relation to volatility. Indeed, the average MAX
characteristics of the stocks in the long and short leg of BAC are 0.039 and
0.037, respectively, i.e., a small difference relative to the average cross-
sectional standard deviation of MAX of 0.032.
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idiosyncratic volatility (IVOL). We sign all factors such that
they are long low-risk stocks (even though the literature
is not always consistent in this regard).® Because IVOL is
already based on decomposing volatility into its system-
atic and idiosyncratic parts, we do not further decompose
IVOL. For LMAX, however, we can again create a new factor
that helps differentiate alternative hypotheses by remov-
ing the common component (namely, volatility). Just like
we created BAC to remove the effect of volatility from beta
(which left us with correlation), we can remove the effect
of volatility from MAX. We construct a scaled MAX (SMAX)
factor that goes long stocks with low MAX return divided
by ex-ante volatility and shorts stocks with the opposite
characteristic. This factor captures lottery demand in a way
that is not as mechanically related to volatility as it is more
purely about the shape of the return distribution.

Behavioral theories imply that these idiosyncratic risk
factors should have positive alphas, which we confirm in
the data. In the US, SMAX, LMAX, and IVOL all produce sig-
nificant alphas with respect to the Fama-French five-factor
model, but SMAX performs stronger than both LMAX and
IVOL. In the global sample, none of the factors is robust to
controlling for the five Fama-French factors and short-term
reversal.

To go beyond studying the risk-adjusted returns, we
study additional predictions arising from the different eco-
nomic theories for the low-risk effect. To capture the idea
underlying the theory of leverage constraints, we consider
the margin debt held by customers at NYSE member or-
ganizations (broker-dealers). To capture the behavioral ef-
fects, we consider investor sentiment as suggested by Liu
et al. (2018). We find that BAB and BAC are predicted by
measures of leverage constraints and are not predicted by
investor sentiment. In contrast, MAX and IVOL are (weakly)
related to sentiment, but not measures of leverage con-
straints. This evidence is consistent with both of the al-
ternative theories playing a role and that the alternative
factors may, to some extent, capture different effects.’

To study behavioral lottery demand more directly, we
consider two new measures of lottery demand: profits
earned by casinos in the US and sales of lottery tickets in
the UK. We find that the predictive power of casino profits
for LMAX and IVOL is insignificant. However, a contempo-
raneous increase in casino profits is associated with low
returns to LMAX and IVOL, consistent with theories of lot-
tery demand. We find no evidence that higher sales of lot-
tery tickets are associated with the return of any of the
“lottery factors”, neither predictive nor contemporaneously.
Finally, we find that BAB and BAC are not associated with
casino profits or lottery sales, consistent with these fac-
tors being driven by leverage constraints and not lottery
demand.

6 For example, LMAX is the negative of the FMAX factor considered by
Bali et al. (2011).

7 We also consider other alternative theories of the low-risk effect. The
literature includes so-called money illusion as suggested by Modigliani
and Cohn (1979) and studied by Cohen et al. (2005). We find no evidence
that inflation predicts either BAB or BAC. This result holds despite the fact
that we include the 1970s and 1980s, time periods that had large shocks
to inflation.

Having tested the specific predictions arising from the
competing theories of the leverage effect, we next run
horse-races between the different low-risk factors to judge
their relative importance. We regress each type of low-risk
factor (systematic or idiosyncratic) on the alternate type
of low-risk factor as well as several controls (the Fama-
French factors and short-term reversal). BAB and BAC are
robust to controlling for LMAX and IVOL in the US and
globally. Turning things around, we find that SMAX is ro-
bust to controlling for BAB in the US, but LMAX and IVOL
both have insignificant alphas when we control for BAB
(the behavioral factors were insignificant globally even be-
fore we control for BAB).

These insignificant alphas of the idiosyncratic risk fac-
tors arise because their returns are captured by BAB and
our control variables. Indeed, controlling for profitability
lowers the alpha as documented by Novy-Marx (2014) and
so does controlling for short-term reversal (REV), which is
natural because both the IVOL and MAX characteristics are
computed over the last month like REV and, hence, may be
partly driven by microstructure effects. Controlling for BAB
further lowers their alphas. The insignificant alphas do not,
however, rule out that lottery demand matters as we are
controlling for many factors, some of which could them-
selves capture similar effects.

Finally, we address that the different factors we con-
sider are based on different construction methods. BAB,
BAC, and BAV are rank-weighted while the other factors
are constructed using the Fama and French (1993) method-
ology. Further, the LMAX, SMAX, and IVOL characteristics
are calculated over only a single month and the factors
thus have much higher turnover than typical factors that
capture a more stable stock characteristic (e.g., BAB, BAC,
or the Fama-French factors). To address these differences,
we run apples-to-apples regressions in which we construct
all factors using the same method and, in some cases, we
also slow down the turnover of the MAX characteristic
by calculating it over a longer period. We find that the
systematic-risk factors are relatively robust across apples-
to-apples regressions, while the idiosyncratic-risk factors
appear less robust, especially with respect to formation pe-
riods because the alphas of LMAX and SMAX are almost
exclusively associated with the month after the character-
istics is calculated.

In summary, we find that BAB and BAC are robust to
controlling for a host of other factors, have survived signifi-
cant out-of-sample evidence (both through time and across
asset classes and geographies) have lower turnover than
many of the well-known idiosyncratic-risk measures, mak-
ing them more implementable and realistic, and are sup-
ported by rigorous theory of leverage constraints with con-
sistent evidence based on margin debt. The factors based
on idiosyncratic risk are more often defined based on a
relatively short time period (high turnover), making them
susceptible to microstructure noise and making it harder
to believe that they capture the idea underlying the be-
havioral theory,® they are less robust to controlling for

8 If behavioral investors naively look for lottery stocks, then perhaps
the simplest way to do so would be to buy stocks from industries
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Table 1
Summary statistics.

This table shows summary statistics as of June of each year. The sample includes all US common stocks [Center for Research in Security Prices (CRSP) shrcd
equal to 10 or 11] and all global stocks (tcpi equal to 0) in the merged CRSP and Xpressfeed global databases.

Code Country Total number Average number Firm size (billion Weight in Start year End year
of stocks of stocks US dollars) global portfolio
AUS Australia 3286 1027 0.61 0.018 1985 2015
AUT Austria 217 84 0.82 0.002 1986 2015
BEL Belgium 445 147 1.90 0.009 1986 2015
CAN Canada 2106 576 1.20 0.022 1982 2015
CHE Switzerland 596 226 3.72 0.024 1986 2015
DEU Germany 2414 850 3.09 0.071 1986 2015
DNK Denmark 411 156 1.01 0.004 1986 2015
ESP Spain 415 147 3.65 0.015 1986 2015
FIN Finland 307 117 1.32 0.004 1986 2015
FRA France 1932 641 2.35 0.044 1986 2015
GBR United Kingdom 6371 2013 1.63 0.102 1986 2015
GRC Greece 425 186 0.40 0.002 1988 2015
HKG Hong Kong 2510 816 1.50 0.030 1986 2015
IRL Ireland 157 53 1.52 0.002 1986 2015
ISR Israel 724 282 0.39 0.003 1994 2015
ITA Italy 686 245 2.34 0.018 1986 2015
JPN Japan 5309 3053 1.21 0.188 1986 2015
NLD Netherlands 423 173 3.58 0.020 1986 2015
NOR Norway 719 185 0.85 0.004 1986 2015
NZL New Zealand 349 112 1.04 0.003 1986 2015
PRT Portugal 157 63 1.56 0.002 1988 2015
SGP Singapore 1259 474 0.71 0.011 1986 2015
SWE Sweden 1201 309 1.44 0.012 1986 2015
USA United States 24,218 3328 1.21 0.389 1926 2015

other factors and to using a lower turnover, and they are
weaker globally. The strongest version appears to be our
new SMAX factor, which is related to measures of sen-
timent. The low-risk effect can be driven by more than
one economic effect, and the evidence is not inconsistent
with both leverage constraints and lottery demand playing
a role.

The paper proceeds as follows. Section 2 covers data
and methodology. Section 3 studies the systematic part of
the low-risk effect. Section 4 studies the idiosyncratic part
of the low-risk effect. Section 5 links the low-risk factors
to economic drivers. Section 6 runs horse races between
different low-risk factors. Section 7 concludes.

2. Data and methodology

Our sample consists of 58,415 stocks covering 24 coun-
tries between January 1926 and December 2015. The 24
markets in our sample correspond to the countries belong-
ing to the MSCI World Developed Index as of December
31, 2012. We report summary statistics in Table 1. Stock
returns are from the union of the Center for Research in
Security Practices (CRSP) tape and the XpressFeed global
database. All returns are in US dollars and do not include
any currency hedging. Because all returns are in US dollars,
all excess returns are measured as excess returns above the
US Treasury bill rate.”

with high skewness. However, the MAX factor does not work for indus-
try selection (not reported here for brevity). In contrast, Asness et al.
(2014) find that BAB works both within and across industries.

9 Said differently, we consider the return to converting one US dollar
into foreign currency, investing in foreign stocks, and then next time pe-

We divide stocks into a long US sample and a broad
global sample. The US sample consists of all available com-
mon stocks on the CRSP tape from January 1926 to Decem-
ber 2015. For each regression, we use the longest available
sample depending on the availability of relevant factors,
with some factors available only from 1964 and onward.

Our broad global sample contains all available common
stocks on the union of the CRSP tape and the XpressFeed
global database. Table 1 contains the start date of the data
in each country, but all regressions are from July 1990, the
starting data of the global Fama-French factors, to Decem-
ber 2015. For companies traded in multiple markets, we
use the primary trading vehicle identified by XpressFeed.

2.1. Constructing BAC and BAV factors

We construct betting against correlation portfolios for
each country. At the beginning of each month, stocks
are ranked in ascending order based on the estimate of
volatility at the end of the previous month. The ranked
stocks are assigned to one of five quintiles. US sorts
are based on NYSE breakpoints. Within each quintile,
stocks are ranked based on the estimate of correlation
at the end of the previous month and assigned to one
of two portfolios: low correlation and high correlation. In
these portfolios, stocks are weighted by ranked correlation
(lower correlation stocks have larger weights in the low-
correlation portfolios and larger correlation stocks have
larger weights in the high-correlation portfolios), and the

riod converting the proceeds back to US dollars, in excess of simply in-
vesting in US T-bills.
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portfolios are rebalanced every calendar month. Both port-
folios are (de)levered to have a beta of one at formation.
Within each volatility quintile, a self-financing BAC portfo-
lio is constructed to go long the low-correlation portfolio
and short the high-correlation portfolio. Our overall BAC
factor is then the equal-weighted average of the five bet-
ting against correlation factors.

More formally, let z9 be the n(q) x 1 vector of corre-
lation ranks within each volatility quintile g=1,2,3,4,5
and z9 = 1{1(q)zq/n(q) be the average rank, where n(q) is
the number of securities in volatility quintile g and 1,
is an n(q) x 1 vector of ones. The portfolio weights of the
high-correlation and the low-correlation portfolios in each
volatility quintile are then given by

wh =ki(z9 —z9)" (1)
and
wl =ki(z - 79) ", (2)

respectively, where k9 is a normalizing constant k9 =
2/1;(q)|zq —2z4| and x* and x~ indicate the positive and
negative elements of a vector x. By construction, we have
’ q _ / q _ i
1n(q)wH _.l‘ and }n(g)V\{L = 1. The excess return to BAC in
each volatility quintile is then

1 1
@ = = (e =1 = g (1 = ). (3)

t t

fs Felen Lq _ .9 .4 Hq _
Here, ' is the risk-free return, e =W and rq =

r?;ﬂ’"Z are the returns of the low- and high-correlation
portfolios, and B9 = Bw? and g9 = BT w? are the cor-
responding betas. The return to the final BAC factor is

given by
1 sac
BAC B
Tth1 = 5 Z rt+l(q)‘ (4)
q=1

Betting against volatility is constructed similarly to BAC,
only stocks are first sorted into quintiles based on correla-
tion instead of volatility:

13

BAV BAV (q)

Tt = 5 2 :rt+1<q : (3)
q=1

The global BAC factors are the average of the national
portfolios in the sample weighted by their ex-ante market
capitalization.

K k
rfﬁg»global _ Z T jrfi‘f”‘ (6)
k=1 Zj T
and
K k
rfﬂ/,global _ Z T rBAV K (7)

ilen
o1 2 %

where 7 is the market capitalization of country k at time
t.

To construct BAC and BAV factors, we need to estimate
beta, correlation, and volatility for all stocks. We estimate
beta as in Frazzini and Pedersen (2014):
ars _ 5 Oi
,3,' = pi,ma7 (8)

where §; and 6, are the estimated volatilities of stock
i and the market m and p;, is the estimated correla-
tion. To estimate correlation, we use a five-year rolling
windows of overlapping three-day'® log-returns, rff’:

Y2 oIn(1+ r i)~ Volatilities are estimated using one-year
rolling windows of one-day log returns. We require at least
750 trading days of non-missing return data to estimate
correlation and 120 trading days of non-missing return
data to estimate volatility. Finally, we shrink the time se-
ries estimate of betas toward their cross-sectional mean,
Bi = w;BI® + (1 — w;) B*S, where TS stands for beta esti-
mated for each stock using its time series of returns and XS
stands for the cross-sectional mean beta (using the method
of Vasicek, 1973). We use a shrinkage factor of w; = 0.6
and cross-sectional mean B*S = 1. The choice of shrinkage
factor does not affect the sorting of the portfolios, only the
amount of leverage applied.

2.2. Constructing LMAX, SMAX, and IVOL factors

To capture the behavioral explanations of the low-risk
effect, we construct LMAX, SMAX, and IVOL factors. The
LMAX factor is the negative of the FMAX factor introduced
by Bali et al. (2017) to ensure that all factors are long low-
risk stocks. LMAX is long stocks with low MAX and short
stocks with high MAX, where MAX is the average of the
five highest daily returns over the last month.

We construct an LMAX factor in each country and a
global LMAX factor, which is the average of the country-
specific LMAX factors weighted by each country’s market
capitalization }:

K k
LMAX global __ T rLMAX k
r = E - . (9)
t+1 j t+1
k=1 Z Jj T

The country-specific LMAX portfolios are constructed as
the intersection of six value-weighted portfolios formed on
size and MAX. For US securities, the size break-point is the
median NYSE market equity. For international securities,
the size break-point is the 80th percentile by country. The
MAX break-points are the 30th and 70th percentile. We
use unconditional sorts in the US and conditional sorts in
the international sample, as many countries do not have a
sample size that makes unconditional sorts useful (first we
sort on size and then MAX). Portfolios are value-weighted,
refreshed every calendar month, and rebalanced every cal-
endar month to maintain value weights. LMAX is the aver-
age of the low-MAX and large-cap and the low-MAX and
small-cap portfolio returns minus the average of the high-
MAX and large-cap and the high-MAX and small-cap port-
folio returns.

Just as beta is the product of correlation and volatil-
ity, a stock can have a high MAX because of high volatility
or high positive skewness. To decompose these effects, we
construct a scaled MAX (SMAX). For each stock, we com-
pute the average of the five highest daily returns over the
last month, divided by the stock’s volatility (estimated as

10 We use three-day overlapping returns to estimate correlations to ac-
count for nonsynchronous trading.
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described in Section 2.1). We then compute the SMAX fac-
tor exactly as above but based on this scaled MAX charac-
teristic instead of the standard MAX.

We construct IVOL factors based on the characteris-
tic used in Ang et al. (2006). To estimate idiosyncratic
volatility, we regress each firm’s daily stock returns over
the given month on the daily returns to the market, size,
and value factors. The residual volatility in this estima-
tion is our measure of idiosyncratic volatility for the given
firm in the given month. For the US, we follow Ang et al.
(2006) and use the market, size, and value portfolios of
Fama and French (1993) as right-hand-side variables and,
for outside the US, we use the factor portfolios of Asness
and Frazzini (2013). Based on these estimated characteris-
tics, the IVOL factor is constructed in the same way as the
LMAX and SMAX factors. The IVOL factor is long low-IVOL
stocks and short high-IVOL stocks.

2.3. Explanatory variables in factor regressions

We use the Fama and French factors (1993, 2015) when-
ever available. We use their five-factor model based on
the value-weighted market factor (MKT), size factor (SMB),
value factor (HML), profitability factor (RMW), and invest-
ment factor (CMA). We also use their short-term reversal
factor (REV).

2.4. Economic variables

We construct our leverage measure based on the
amount of margin debt held by customers at NYSE mem-
ber organizations (broker-dealers). The data are available
from 1959 to 2015 and they are published on the NYSE
website.!! At the end of each month, we calculate the ratio
of margin debt to the market capitalization of NYSE stocks
which constitute our margin debt measure (MD):

Margin debt;
Market capitalization of NYSE firms; -

MD; = (10)

To capture investor sentiment, we use the sentiment in-
dex by Baker and Wurgler (2006). As inflation measure, we
use the yearly change in the consumer price index from
the Federal Reserve Economic Data (FRED) database.

We introduce two new measures of lottery demand.
The first is a measure of casino profits in the US. It is
the quarterly time series of profits for the casino indus-
try scaled by nominal gross domestic product (GDP). The
casino industry has the North American Industry Classifica-
tion Code (NAICS) 713,210. We measure profits as revenue
(REVTQ in Compustat) minus cost of goods sold (COGSQ in
Compustat). We correct for seasonality using the X11 pro-
cedure.

The second measure of lottery demand is based on
sales in the UK state lottery. For each month, we aggregate
the total sales in the UK state lottery, which takes place
every Wednesday and Saturday starting in 1993. These to-
tal monthly sales divided by UK nominal GDP constitute

' The data can be found at http://www.nyxdata.com/nysedata/asp/
factbook/viewer_edition.asp?mode=table&key=3153&category=8.

our UK lottery factor.'”> We again correct for seasonality
using the X11 procedure. Throughout the analysis, we use
UK factors on the right hand side whenever we have the
UK lottery measure on the right hand side.

3. Systematic risk: betting against correlation, volatility,
and beta

In this section, we dissect the betting against beta fac-
tor into a betting against correlation factor and a bet-
ting against volatility factor. The idea is to decompose BAB
into two components: one component, BAV, that is more
closely linked to idiosyncratic volatility and MAX and an-
other component, BAC, with little relation to these alterna-
tive factors. BAV is a pure volatility bet, and BAC is a pure
bet against systematic risk.

The theory of leverage constraints of Black (1972) and
Frazzini and Pedersen (2014) implies that stocks with
higher betas have lower risk-adjusted returns regardless of
whether the high beta arises from high volatility or high
market correlation. Proposition 1(ii) of Frazzini and Peder-
sen (2014) shows that the CAPM alpha of any security i is
given by

=y - py=y(1-27). (11)

Om

In other words, the alpha «; decreases in its beta §;,
which in turn can be decomposed into volatility o; and
market correlation p; (while the Lagrange multiplier ¥ and
the market volatility o, are the same across stocks).

Hence, this theory predicts that both components of
BAB, BAC and BAV, should deliver positive alphas because
BAC varies correlation (holding volatility constant) and BAV
varies volatility (holding correlation constant).

3.1. Double-sorting on correlation and volatility

Before we consider the actual factors, we examine a
simple double sort of volatility and correlation. Table 2
shows risk-adjusted returns for 25 portfolios sorted first
on volatility and then conditionally on correlation. In each
row, all portfolios have approximately the same volatility
but increase in correlation from the left column to the
right column.

Panel A considers whether sorting on ex-ante volatility
and correlation successfully sorts on ex-post market beta.
As correlation is often considered more difficult to esti-
mate than volatility, it is important to consider whether
the ex-ante estimate predicts future systematic risk. As
seen in the table, ex post CAPM beta does increase with
both ex-ante correlation and ex-ante volatility. In fact, sort-
ing on correlation and volatility produces similar magni-
tudes of spreads in ex post betas. Because stocks with
higher correlation (and the same volatility) have larger be-
tas, the theory of leverage constraints implies that these
stocks have lower alphas (and similarly for stocks with
higher volatility and the same correlation).

12 The data can be found at http://lottery.merseyworld.com/Sales_index.
html.
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Table 2
Correlation versus Volatility: beta and risk-adjusted returns.

This table shows properties of 25 portfolios of US stocks from 1929 to 2015. At the beginning of each calendar month, stocks are sorted first
on ex-ante volatility and then conditionally on ex-ante correlation. The stocks are assigned to one of five volatility quintiles based on NYSE
break-points. Within each quintile, stocks are assigned to one of five correlation quintile portfolios based on NYSE break-points. Portfolios
are value-weighted, refreshed every calendar month, and rebalanced every calendar month to maintain value weights. The long-short (LS)
portfolios are self-financing portfolios that are long $1 in the portfolio with highest correlation (volatility) within each volatility (correlation)
quintile and short $1 in the portfolio with lowest correlation (volatility) within the same volatility (correlation) quintiles. Panel A reports
capital asset pricing model (CAPM) betas, and Panel B reports CAPM alphas, i.e., respectively, the slope and intercept in a regression of monthly
excess return on excess returns to the Center for Research in Security Prices value-weighted market portfolio (MKT). Panel C reports three-
factor alphas, i.e., the intercept in a regression of monthly excess return on MKT, size (SMB, small minus big), and value (HML, high minus
low) factors of Fama and French (1993). Returns and alphas are in monthly percent, t-statistics are shown in parentheses below the coefficient

estimates, and 5% statistical significance is indicated in bold.

Conditional sort on correlation

P1 P2 P3 P4 P5 LS
(low) (high)
Panel A: CAPM beta
Sort on volatility
P1 (low) 0.4 0.6 0.7 0.8 0.9 0.4
(25.2)
P2 0.7 0.9 1.0 1.1 1.2 0.5
(25.6)
P3 0.7 1.0 1.2 1.3 14 0.7
(26.2)
P4 0.8 1.0 1.2 1.3 1.6 0.8
(23.5)
P5 (high) 0.8 1.0 1.2 13 1.6 0.8
(15.2)
LS 0.4 0.5 0.5 0.5 0.7
(8.7) (13.1) (15.9) (17.1) (21.3)
Panel B: CAPM alpha
Sort on volatility
P1 (low) 0.4 0.3 0.2 0.1 0.1 -0.3
(5.5) (3.8) (3.3) (1.6) (2.2) (-3.7)
P2 0.3 0.2 0.1 0.0 -0.1 -04
(3.6) (2.1) (1.6) (0.3) (-0.8) (-3.2)
P3 04 0.3 0.0 -0.1 -0.2 -0.6
(4.1) (3.2) (0.3) (-0.6) (-2.0) (-4.1)
P4 0.5 0.3 0.0 -0.1 -03 -0.7
(3.6) (2.3) (0.2) (-0.8) (-2.0) (-4.2)
P5 (high) 0.3 0.0 0.0 -0.2 -0.6 -0.8
(1.2) (0.1) (0.2) (-1.3) (-2.9) (-3.3)
LS -0.2 -0.2 -0.2 -0.3 -0.7
(—0.6) (-1.1) (-1.0) (-1.7) (-3.1)
Panel C: Three-factor alpha
Sort on volatility
P1 (low) 04 0.2 0.2 0.1 0.1 -0.3
(5.1) (3.3) (2.8) (1.4) (2.9) (-3.2)
P2 0.2 0.1 0.1 -0.1 -0.1 -0.3
(2.8) (1.1) (0.9) (-0.9) (-1.6) (-3.1)
P3 0.3 0.2 -0.1 -0.2 -0.3 -0.6
(3.3) (1.9) (-1.6) (-2.8) (-3.7) (—4.5)
P4 0.3 0.1 -0.2 -03 -0.5 -0.8
(2.6) (0.9) (-1.8) (-2.8) (-4.2) (-4.5)
P5 (high) 0.0 -0.2 -0.2 -0.5 -0.8 -0.8
(0.2) (-1.2) (-1.5) (-3.6) (-4.9) (-3.3)
LS -0.4 -04 -04 -0.5 -0.9
(-1.6) (-2.4) (—2.6) (-3.6) (-5.2)

Panels B and C consider the risk-adjusted returns for
these portfolios. Both the CAPM alpha (Panel B) and the
three-factor alpha (Panel C) decrease as correlation or
volatility increases. To examine the economic and statisti-
cal significance of these results, we consider the long/short
portfolios in the right-most column and the bottom row.
We see that the separate effects of volatility and correla-
tion on risk-adjusted returns are significant for many of

the cases, with the effect of correlation appearing espe-
cially strong.

3.2. Decomposing BAB into BAC and BAV
We next turn to the study of the long-short factors con-

structed as described in Section 2. Given that market betas
can be decomposed into market correlation and volatility,
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Table 3

Betting against beta as betting against correlation and volatility.

This table shows the results of regressions of the monthly return to bet-
ting against beta (BAB) on the monthly return to betting against corre-
lation (BAC) and betting against volatility (BAV). Panel A reports results
in the US sample, and Panel B reports the results in the global sample. t-
statistics are shown in parentheses below the coefficient estimates and 5%
statistical significance is indicated in bold. The sample periods are 1930-
2015 for the US sample and 1990-2015 for the Global sample.

Dependent variable: BAB

US sample Global sample
Intercept 0.00 0.00
(0.05) (0.96)
BAC 0.69 0.85
(60.03) (53.60)
BAV 0.58 0.54
(63.45) (52.86)
R? 0.85 0.95
Number of observations 1020 306

we first show how BAB can be decomposed into BAC and
BAV:

BAB; = ag + a;BAC; + a;BAV; + &;. (12)

Table 3 reports the result, showing that both BAC and
BAV contribute to the return of the original BAB factor. In
the US, BAB has a loading of 0.69 on BAC and 0.58 on BAV.
The loadings in the global sample are 0.85 and 0.54. The R-
squared of the regressions are 85% in the U.S. sample and
95% in the global sample. Both of the intercepts are statis-
tically indifferent from zero.

3.3. The performance and factor loadings of BAC

We next focus on the performance of the key new fac-
tor, BAC. Table 4 reports the return and factor loadings of
the BAC factor and its building blocks. We construct bet-
ting against correlation factors within each volatility quin-
tile, and the overall BAC factor is the equal-weighted aver-
age of these five factors. Panel A shows the results in the
US, and we see that BAC has a statistically significant alpha
with respect to the Fama-French 5-factor model within
each volatility quintile as well as for the overall BAC fac-
tor.

Panel B of Table 4 reports the analogous results in the
global sample. The overall BAC factor has a positive and
statistically significant alpha. Also, the BAC factors within
each volatility quintile have positive alphas, but they are
not all statistically significant.

Turning to the factor loadings, we see that the overall
BAC factor has a beta close to zero, suggesting that the ex-
ante market hedge works as intended. Further, the over-
all BAC factor loads substantially on the small-minus-big
factor as firms with, for the same volatility, low correla-
tion often are small, undiversified firms. The BAC factor
has a positive loading on the value factor (HML), consistent
with the theory of leverage constraints. Indeed, the the-
ory of leverage constraints predicts that safe stocks, those
with low correlation and volatility, become cheap because
they are abandoned by leverage constrained investors, giv-
ing rise to a positive HML loading. Lastly, the loadings on

RMW and CMA also tend to be positive, especially those
of RMW. This is also expected because, as noted by Asness
et al. (2019), all these are measures of quality and safety.
Said differently, a stock’s safety can be measured based on
price data or accounting data and it is not surprising that
these measures are related.

Given that the Fama-French factors (other than the
MKT) have little theoretical foundation and given that the
return of these factors is consistent with the theory of
leverage constraints, controlling for these factors is ar-
guably too stringent a test.”> Indeed, the theory of lever-
age constraints predicts that BAB and BAC produce positive
CAPM alphas, but this theory does not predict that these
factors produce positive alphas relative to right-hand-side
variables that capture the same idea. All that said, it is all
the more impressive that the alpha of BAC remains signif-
icant when controlling for the five factors, which reflects
that these factors are sufficiently different in their content
and construction.

Given the positive factor loadings, we could also turn
the regression around and conclude that BAC and, more
broadly, the theory of leverage constraints could partly ex-
plain these Fama-French factors.

The performance of BAV is less interesting for our pur-
poses because it is close to the factors in the literature by
construction. However, for completeness, we present sim-
ilar factor regressions for the BAV factor in Appendix Ta-
bles A1l and A2. In the US, BAV produces positive and sta-
tistically significant CAPM- and three-factor alphas, but its
five-factor alpha is insignificant as are the alphas in the
global sample. One striking difference in factor loadings
between BAC and BAV is on small-minus-big: low corre-
lation stocks, holding volatility constant, tend to be small
stocks; low volatility stocks, holding correlation constant,
tend to be big stocks.

In summary, BAB, and especially its purely systematic
component BAC, appears robust across a variety specifi-
cations and control variables. In Appendix Tables A3 and
A4, we show that the results are robust to using other
measures of correlation and market beta, such as the beta
measures used by Fama and French (1992). Sorting stocks
based on the correlation implied by beta measure of Fama
and French (1992) results in a smaller ex post beta spread,
but the effect on alpha remains statistically significant. In
Section 5, we test if the economic drivers of this system-
atic part, but, before doing so, we analyze the robustness
of the idiosyncratic part of the low-risk effect.

4. Idiosyncratic risk: LMAX, SMAX, and IVOL

In this section, we analyze the robustness of the empiri-
cal observations that stocks with high idiosyncratic volatil-

3 In principle, if book-to-price was a perfect measure of value then the
BAB factor would be fully explained by HML under the theory of leverage
constraints. One interpretation based on the theory of leverage constraints
is that low beta stocks tend to be cheaper due to leverage constraints
and, because a perfect measure of cheapness is unavailable, the beta itself
helps measure it. Said another way, both low book-to-price and low beta
are noisy measures of value. Of course, value effects can also be explained
by effects other than leverage constraints as we discuss further in Section
5.2.
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Table 4

Betting against correlation (BAC).

This table shows returns to the betting against correlation factor in each volatility quintile, along with the equal-weighted average of
these factors, which constitute our overall BAC factor. Panel A reports the BAC performance in the US sample, and Panel B reports the
performance in the global sample. At the beginning of each month stocks are ranked in ascending order based on the estimated of volatility
at the end of the previous month. The ranked stocks are assigned to one of five quintiles. US sorts are based on NYSE break-points.
Within each quintile, stocks are assigned to one of two portfolios: low correlation and high correlation. In these portfolios, stocks are rank-
weighted by correlation (lower correlation stocks have larger weights in the low-correlation portfolios and larger correlation stocks have
larger weights in the high-correlation portfolios), and the portfolios are rebalanced every calendar month. The portfolios are (de)levered
to have a beta of one at formation. Within each volatility quintile, a self-financing BAC portfolio is made that is long the low-correlation
portfolio and short the high-correlation portfolio. We form one set of portfolios in each country and compute global portfolios by weighting
each country’s portfolio by the country’s total (lagged) market capitalization. Alpha is the intercept in a regression of monthly excess return.
The explanatory variables are the monthly excess return to the CRSP value-weighted market portfolio and the monthly returns to the SMB
(small minus big), HML (high minus low), RMW (robust minus weak), and CMA (conservative minus aggressive) factors of Fama and French
(2015). Returns and alphas are in monthly percent, t-statistics are shown in parentheses below the coefficient estimates, and 5% statistical
significance is indicated in bold. The Sharpe ratio (SR) and information ratio (IR) are annualized.

Panel A: US. sample (1963-2015)
Volatility quintile

1 2 3 4 5 BAC

Excess return 0.47 0.79 0.73 0.98 1.11 0.82

(3.60) (5.84) (5.36) (6.66) (5.11) (6.14)

Alpha 0.30 0.61 0.48 0.70 0.90 0.60

(2.69) (5.36) (4.10) (5.12) (4.31) (5.25)

MKT -0.14 -0.10 —-0.03 0.03 0.05 —-0.04

(-5.2) (-3.6) (-1.2) (0.9) (0.89) (-1.5)

SMB 0.61 0.70 0.64 0.55 0.66 0.63

(15.7) (17.9) (15.9) (11.8) (9.2) (16.2)

HML 0.13 0.12 0.17 0.19 0.22 0.17

(2.4) (2.3) (3.0) (2.9) (2.2) (3.1)

RMW 0.03 0.00 0.04 0.06 -0.25 -0.02

(0.5) (0.0) (0.6) (0.9) (-2.3) (-0.4)

CMA 0.10 0.04 0.11 0.14 0.03 0.08

(1.2) (0.5) (1.3) (1.5) (0.2) (1.0)

SR 0.50 0.81 0.74 0.92 0.71 0.85

IR 0.39 0.78 0.60 0.75 0.63 0.77

R? 0.32 0.37 0.32 0.22 0.17 0.34

Number of observations 630 630 630 630 630 630
Panel B: Global sample (1990-2015)

Excess return 0.24 0.61 0.56 0.68 1.13 0.64

(1.91) (4.31) (3.75) (4.04) (4.75) (4.75)

Alpha 0.14 0.43 0.33 0.30 0.78 0.40

(1.23) (3.58) (2.42) (1.98) (3.48) (3.47)

MKT —-0.03 0.03 0.08 0.13 0.22 0.08

(-0.9) (1.1) (2.2) (3.1) (3.57) (2.5)

SMB 0.61 0.80 0.74 0.83 1.08 0.76

(11.0) (13.9) (11.2) (11.2) (10.0) (13.7)

HML 0.15 0.15 0.15 0.20 0.02 0.13

(2.1) (2.1) (1.8) (2.1) (0.2) (1.8)

RMW 0.10 0.26 0.32 0.54 043 0.36

(1.2) (3.0) (3.2) (4.8) (2.6) (4.2)

CMA 0.04 —-0.01 0.03 0.14 0.20 0.05

(0.5) (-0.1) (0.2) (1.2) (1.2) (0.5)

SR 0.38 0.85 0.74 0.80 0.94 0.94

IR 0.27 0.77 0.52 0.43 0.75 0.75

R? 0.32 0.40 0.30 0.30 0.25 0.38

Number of observations 306 306 306 306 306 306
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ity and lottery-like returns have low alpha. By idiosyncratic
volatility, we refer to the idiosyncratic volatility character-
istic defined by Ang et al. (2006), which is the monthly
residual volatility in the Fama-French three-factor model
as explained in Section 2. By lottery-like, we again re-
fer to the MAX characteristic (Bali et al., 2011), which
is the mean of the five highest daily returns over the
last month as explained in Section 2, and our new factor
SMAX.

4.1. Double-sorting on MAX and volatility

A stock can have a high MAX return either because it is
volatile or because its return distribution is right-skewed.
To draw this distinction, we consider each stock’s scaled
maximum return, that is, its MAX return divided by its
ex-ante volatility. This measure captures a stock’s realized
return distribution. An investor who does not face lever-
age constraints but seeks lottery-like returns can apply
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Table 5

Scaled maximum return (SMAX) versus volatility: risk-adjusted returns.

This table shows the risk adjusted returns to 25 portfolios sorted first on volatility and then conditionally on SMAX in the US from 1927 to
2015. At the beginning of each calendar month, stocks are ranked in ascending order based on the estimate of volatility at the end of the
previous month. The ranked stocks are assigned to one of five quintiles based on NYSE breakpoints. Within each quintile, stocks are ranked
in ascending order based on the estimate of SMAX at the end of the previous month and assigned to one of five quintile portfolios based on
NYSE break-points. Portfolios are value-weighted, refreshed every calendar month, and rebalanced every calendar month to maintain value
weights. The long-short (LS) portfolios are self-financing portfolios that are long $1 in the portfolio with highest SMAX (volatility) within
each volatility (SMAX) quintile and short $1 in the portfolio with lowest SMAX (volatility) within the same volatility (SMAX) quintile. SMAX
is the average of the five highest daily returns for a stock over the previous month dividend by its volatility. Volatility is estimated as daily
volatility over the previous month. Panel A reports capital assest pricing model (CAPM) alphas, Panel B reports three-factor alphas (MKT,
market; SMB, small minus big; HML, high minus low) and Panel C reports five-factor alpha (MKT; SMB; HML; RMW, robust minus weak;
CMA, conservative minus agressive). Alphas are in monthly percent, t-statistics are shown in parentheses below the coefficient estimates,
and 5% statistical significance is indicated in bold.

Conditional sort on SMAX

P1 P2 P3 P4 P5 LS
(low) (high)
Panel A: CAPM alpha
Sort on volatility
P1 (low) 04 0.2 0.1 0.1 0.1 -0.3
(5.4) (3.1) (1.4) (2.0) (1.1) (-3.4)
P2 0.3 0.2 0.1 0.0 -0.2 -0.5
(3.9) (2.4) (1.7) (0.2) (-2.8) (-5.1)
P3 0.3 0.1 -0.1 -0.1 -04 -0.7
(3.7) (1.5) (-1.3) (-1.2) (-3.6) (-5.5)
P4 0.4 0.2 -0.1 -0.3 -04 -0.9
(3.5) (1.2) (-1.0) (-2.1) (-3.7) (-6.0)
P5 (high) 0.4 0.0 -0.1 -0.5 -0.8 -1.2
(2.1) (0.1) (-0.7) (-2.5) (-3.9) (-5.6)
LS 0.0 -0.2 -0.2 -0.7 -0.9
(0.2) (-0.8) (-1.0) (-2.7) (-3.8)
Panel B: Three-factor alpha
Sort on volatility
P1 (low) 0.3 0.2 0.1 0.1 0.1 -0.3
(5.5) (3.2) (1.0) (1.9) (1.0) (-3.5)
P2 0.2 0.1 0.1 0.0 -0.3 -0.5
(3.1) (1.7) (0.9) (-0.7) (-3.9) (-5.1)
P3 0.2 0.0 -0.2 -0.2 -0.5 -0.7
(2.9) (0.2) (-3.0) (-2.7) (-5.2) (-5.7)
P4 0.3 0.0 -0.3 -04 -0.6 -0.9
(3.0) (-0.2) (=2.5) (-3.9) (-5.6) (-6.2)
P5 (high) 04 -0.1 -03 -0.8 -1.0 -14
(2.3) (-0.8) (-1.9) (-4.3) (=5.4) (-6.2)
LS 0.0 -0.3 -04 -0.9 -1.0
(0.2) (-1.8) (-2.0) (-4.4) (-5.2)

leverage to a stock with low volatility and high scaled
MAX. Hence, scaled MAX isolates what is different about
the lottery demand.

Table 5 shows CAPM and three-factor alphas of 25 port-
folios sorted first on volatility and then conditionally on
scaled MAX. Scaled MAX is associated with significant al-
pha, even when keeping volatility constant.

4.2. Decomposing LMAX into SMAX and BAV

We next turn to the LMAX factor that goes long stocks
with low MAX returns and goes short those with high
MAX. The results in Section 4.1 suggest that LMAX gets its
alpha both from betting against high volatility and from
betting against stocks with high scaled max. Table 6 for-
mally decomposes LMAX into the factor that goes long
stocks with low scaled max (SMAX) and the factor that
goes long stocks with low total volatility over the past
month (TV). Both in the US and globally, the two factors

combine to explain most of the variation in LMAX: the
R-squared is 87% in the US and 97% globally with insignif-
icant intercepts.

4.3. The performance of idiosyncratic risk factors: LMAX,
SMAX, and IVOL

Table 7 reports the performance and factor exposures of
the three idiosyncratic risk factors. The three factors have
significant three-factor alphas. All three factors remain sig-
nificant when we also control for RMW, CMA, and REV, but
the alpha of SMAX is statistically more robust than LMAX
and IVOL in the sense that the six-factor t-statistic is more
significant for SMAX.

The idiosyncratic risk factors tend to load on the qual-
ity variables RMW and CMA. Also, LMAX and SMAX load
strongly on the short-term reversal factor REV. This rever-
sal loading is intuitive because LMAX and SMAX go long
stocks with low returns on their best days. IVOL has little
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Table 6

Low maximum return (LMAX) as scaled maximum return (SMAX) and
betting against volatility (BAV).

This table shows the results of regressions of the monthly return to the
factor going long stocks with low maximum return over the past month
(LMAX) on the monthly returns to the factor going long stocks with low
maximum return scaled by volatility (SMAX) and the monthly return to
the factor going long stocks with low total volatility (TV). Total volatility
is total daily volatility measured over the previous month. t-statistics are
shown in parentheses below the coefficient estimates, and 5% statistical
significance is indicated in bold. The sample periods are 1927-2015 for
the US sample and 1990-2015 for the Global sample.

Dependent variable: BAB

US sample Global sample
Intercept 0.00 0.00
(-0.03) (0.66)
SMAX 0.70 0.48
(30.57) (20.74)
TV 0.63 0.71
(70.90) (82.65)
R? 0.87 0.97
Number of observations 1020 306

loading on REV (so excluding REV from the right-hand side
hardly changes the results; not shown).

Panel B of Table 7 considers the three idiosyncratic fac-
tors in the global sample. The idiosyncratic risk factors
have positive and significant three-factor alphas, but their
alphas become insignificant once controlling for RMW,
CMA, and REV. We note that the global sample is shorter
so, it has less power to detect significant alphas.

In summary, the idiosyncratic risk factors LMAX, SMAX,
and IVOL produce positive alphas in the US, but their five-
factor alphas appear weak outside the US.

5. Testing the underlying economic drivers

5.1. Economic drivers based on leverage constraints and
behavioral lottery demand

Having decomposed the low-risk effect into a system-
atic and an idiosyncratic part, we next analyze the eco-
nomic drivers of these two parts of the low-risk effect. To
test the theory of leverage constraints, we include a mea-
sure of margin debt. Similarly, to test the behavioral the-
ories, we consider measures of investor sentiment, casino
profits, and lottery ticket sales. For each of these, we ex-
amine both the ex-ante value and the contemporaneous
change. Further, we control for the five Fama-French fac-
tors and short-term reversal factor such that we effectively
predict each factor’s alpha in excess of these factors, i.e.,
the parts of the return more unique to each factor. We test
whether such discount rate shocks predict returns in line
with the competing theories, assuming that expected cash
flow shocks are held constant.

The data sources of the economic variables are dis-
cussed in Section 2, but a brief comment on the measure
of leverage constraints is in order. We construct a new
measure of leverage constraints based on the amount of
margin debt (MD) held against NYSE stocks as a fraction of
the total market equity of NYSE stocks. When margin debt
is low, we interpret this as tight leverage constraints; that

is, we implicitly assume that the variation in the amount
of margin debt is primarily driven by changes in the sup-
ply of leverage. This is a simplification, but, consistent with
the idea that margin debt is high during times of favorable
funding liquidity, margin debt is negatively correlated with
the TED spread, noise in the term structure of US govern-
ment bonds as defined by Hu et al. (2013), and positively
correlated with the leverage applied by financial interme-
diaries as seen in Appendix Table A7. These signs of the
correlations are the same whether all variables are mea-
sured in levels or changes as seen in Table A7.

Panel A of Table 8 tests the extent to which the dif-
ferent low-risk factors are predicted by margin debt and
sentiment. As seen in the first four columns, both BAC and
BAB have higher future return when ex-ante margin debt
is low, i.e.,, when leverage constraints are high. Contempo-
raneous increases in margin debt are associated with pos-
itive returns to BAB and BAC, consistent with the theory
that investors shift their portfolios toward low-risk stocks
when leverage constraints decrease. This contemporaneous
effect is statistically significant. In other words, because
prices should go in the opposite direction of expected re-
turns, both of these findings are consistent with the theory
of leverage constraints. Investor sentiment does not seem
to have an influence on the return to BAB and BAC, consis-
tent with the idea that these factors capture leverage con-
straints, not sentiment.

We next consider the determinants of the idiosyncratic
risk factors, also reported in Panel A of Table 8. LMAX,
IVOL, and SMAX all have higher return when ex-ante in-
vestor sentiment is high, consistent with the factors being
driven, at least partly, by behavioral demand. The effect is
statistically significant for IVOL and LMAX. The effect of the
contemporaneous change in sentiment is insignificant for
IVOL and LMAX while it appears to go in the wrong di-
rection for SMAX. Finally, none of the idiosyncratic factors
LMAX, SMAX, and IVOL appears related to margin debt,
which is consistent with leverage constraints influencing
the price of systematic risk, but not the price of idiosyn-
cratic risk.

In Panel B, we test if the predictive power of sentiment
comes directly from lottery demand. We find no reliable
and significant predictive relation between casino profits
and subsequent returns to the idiosyncratic low-risk fac-
tors. However, we do find that an increase in casino prof-
its is associated with lower contemporaneous returns to
the idiosyncratic low-risk factors, consistent with lottery
demand partly driving the idiosyncratic part of the low-
risk effect. That said, we find no statistically significant ef-
fect of lottery tickets on the idiosyncratic low-risk factors.
We note that the idiosyncratic low-risk factors are not very
profitable in the first place in the UK, which is the sample
for our lottery ticket regressions.

To further address the hypothesis that BAB and BAC are
driven by demand for lottery, we test if the lottery mea-
sures predict these factors. We find no evidence for this
hypothesis. Neither BAB nor BAC loads on either of the two
lottery measures. This result is again consistent with the
notion that lottery demand could influence the idiosyn-
cratic low-risk factors, but not the systematic low-risk fac-
tors.
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Table 7

The idiosyncratic factors: low maximum return (LMAX), scaled maximum return (SMAX), and low idiosyncratic

volatility (IVOL).

This table shows regression results for monthly returns to the factor going long stocks with low maximum return
over the past month (LMAX), the factor going long stocks with low maximum return scaled by volatility (SMAX), and
the factor going long stocks with low idiosyncratic volatility (IVOL). Panel A reports the results from the US sample
and Panel B reports the results from the global sample. Total volatility is total daily volatility measured over the
previous month. The intercept alpha is in monthly percent. The control variables are the monthly excess return to
the market portfolio (MKT), size (SMB, small minus big), value (HML, high minus low), profitability (RMW, robust
minus weak), investment (CMA, conservative minus agressive), and short-term reversal (REV). t-statistics are shown
in parentheses below the coefficient estimates, and 5% statistical significance is indicated in bold. The Sharpe ratio

(SR) and information ratio (IR) are annualized.

SMAX LMAX IVOL
Panel A: U.S. sample (1963-2015)

Alpha 0.44 0.38 0.25 0.58 0.31 0.24 0.52 0.21
(5.59)  (4.77)  (3.68) (5.81) (3.34) (2.63) (5.23) (2.38)
MKT -0.04 -0.02 -0.09 -0.42 -0.35 -0.39 -043 -0.35
(=2.0) (=12) (=54) (-17.8) (-158) (-17.4) (-18.1) (-16.2)
SMB —0.02 0.01 -0.02 -0.48 -0.35 -0.37 -0.65 -0.50
(-0.7) (03) (-1.1) (-143) (=11.2) (=12.0) (-196) (-16.8)
HML 0.08 0.04 -0.03 045 0.24 0.21 0.42 0.19
(2.9) (1.1)  (-0.8) (12.7) (5.5) (4.8) (11.6) (4.6)
RMW 0.12 0.12 0.57 0.57 0.68
(3.0 (3.6) (12.3) (12.8) (15.5)
CMA 0.08 0.16 0.46 0.50 048
(1.4) (3.4) (6.9) (7.8) (7.6)
REV 0.36 0.19 0.00
(16.9) (6.6) (-0.1)
SR 0.78 0.78 0.78 0.34 0.34 0.34 0.22 0.22
IR 0.79 0.70 0.54 0.82 0.49 0.39 0.74 0.35
R? 0.03 0.04 0.34 0.64 0.72 0.73 0.69 0.77
Number of observations 630 630 630 630 630 630 630 630

Panel B: Global sample (1990-2015)
Alpha 0.18 0.09 0.04 0.45 0.02 —0.01 0.45 —0.02
(1.88)  (0.92)  (0.51) (3.69) (0.14)  (-0.14) (3.74)  (=0.15)
MKT -0.07 -0.03 -0.10 -0.56 -0.35 -0.39 -0.51 -0.30
(-3.1)  (=1.1) (-45) (=202) (-11.9) (=135) (-185) (-10.4)
SMB —0.02 0.03 0.04 -0.49 -0.26 -0.26 —-0.68 -0.44
(~0.4) (0.6) (1.1)  (-84)  (=5.0) (=5.1) (-11.8)  (-8.7)
HML 0.19 0.14 0.06 0.58 0.19 0.14 0.57 0.12
(4.4) (2.3) (1.3) (10.7) (2.8) (2.3) (10.7) (1.8)
RMW 0.19 0.22 0.83 0.85 0.86
(2.5) (3.8) (10.4) (11.2) (11.3)
CMA 0.06 0.15 0.61 0.66 0.71
08)  (24) (7.2) (82) (8.7)
REV 0.39 0.21 0.09
(14.5) (6.0) (2.5)
SR 0.41 0.41 0.41 0.34 0.34 0.34 0.35 0.35
IR 0.38 0.20 0.11 0.75 0.03 -0.03 0.76 -0.03
R? 0.09 0.11 0.47 0.69 0.78 0.81 0.69 0.80
Number of observations 306 306 306 306 306 306 306 306

In summary, the evidence is consistent with leverage
constraints causing the BAB and BAC factor returns, while
the evidence is mixed and weaker that lottery demand
drives the idiosyncratic risk factors. We next test four al-
ternative theories that have been proposed as explanations
of the low-risk effect.

5.2. Mispricing and arbitrage risk

Liu et al. (2018) propose that stocks with high idiosyn-
cratic risk have higher average mispricings because they
are riskier to arbitrage (a form of limited of arbitrage). Fur-
ther, the authors argue that the interaction of mispricing
and idiosyncratic risk can help explain the low risk effect.

In one interesting test, Liu et al. (2018) double-sort
stocks on beta and mispricing (using the mispricing mea-
sure of Stambaugh et al, 2015). They find that, when
keeping mispricing constant, the relation between beta
and three-factor alpha exists only among overpriced stocks
(echoing a related finding in Stambaugh et al., 2015).

Our analysis differs from that of Liu et al. (2018) for
several reasons. First, the theory of leverage constraints
predicts that high-beta stocks endogenously become over-
priced (relative to the standard CAPM) so the theory does
not make clear predictions for the alpha-beta relation
when controlling for overpricing, especially when one con-
siders the three-factor alpha instead of the one-factor al-
pha (i.e., controlling for overpricing could throw the baby
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Table 8

Economic drivers of the low-risk effect.

This table reports results on the economic drivers of the low-risk effect. The dependent variables are the excess returns to betting against beta (BAB),
betting against correlation (BAC), betting against volatility (BAV), the factor going long stocks with low maximum return over the past month (LMAX), the
factor going long stocks with low maximum return scaled by volatility (SMAX), and the factor going long stocks with low idiosyncratic volatility (IVOL).
The independent variables are MD, SENT, INF, Casino, and Lottery. MD is the amount of margin debt on NYSE firms held at dealer-brokers divided by the
market capitalization of NYSE firms. SENT is the sentiment index of Baker and Wurgler (2006) multiplied by one hundred for ease of interpretation. INF is
the average change in the consumer price index over the last year. Casino is the profits in the casino industry in the previous quarter dividend by gross
domestic product (GDP). Lottery is the total sale of lottery tickets in UK over the previous month divided by GDP. We include as control variables the
monthly excess return to the Center for Research in Securities Prices value-weighted market portfolio and the monthly returns to the SMB (small minus
big), HML (high minus low), RMW (robust minus weak), and CMA (conservative minus aggressive) factors of Fama and French (2015) and the short-term
reversal factor from Ken French’s data library. We use UK factors in all regressions where Lottery is on the right-hand side. Panel C uses the mispricing
measure of Liu et al. (2018), returns and alphas are in monthly percent, t-statistics are shown in parentheses below the coefficient estimates, and 5%
statistical significance is indicated in bold. LS = Long mins short portfolio.

Panel A: Margin debt and sentiment

BABi¢1 BAByry1 BACuei1 BAChry1 LMAXieiq LMAXgry1 SMAXgry1 SMAXgeiq IVOLgey1 IVOLge 41
MD¢ -0.31 —-0.60 -0.31 —-0.66 0.19 —-0.03 0.12
(-1.69) (-2.78) (-1.83) (-3.21) (1.16) (-0.23) (0.76)
MDDy, —MD¢ 6.18 5.74 9.24 8.36 -2.02 0.86 -1.96
(3.55) (3.17) (5.64) (4.91) (-1.50) (0.84) (-1.49)
SENT; 0.13 —-0.05 0.21 0.17 0.09 0.07 0.24 0.23
(1.09) (-0.47) (2.34) (1.85) (1.33) (1.02) (2.71) (2.60)
SENT,,1-SENT; 1.07 0.87 0.58 0.72 1.04 1.03 0.02 0.13
(1.33) (1.14) (0.97) (1.20) (2.27) (2.24) (0.04) (0.22)
INF; -0.10 -0.14 —-0.03 —-0.03 0.02
(-2.03) (-3.02) (-0.71) (-1.19) (0.67)
INF¢, 1 -INF; -0.30 -0.23 —-0.65 -0.17 -0.38
(-1.00) (-0.82) (-2.91) (-1.00) (-1.74)
Controls
MKT 0.16 0.16 0.05 0.04 -0.38 -0.41 -0.09 -0.08 -0.35 -0.37
(4.6) (4.4) (1.6) (1.3) (-16.8) (-15.5) (-5.0) (-4.0) (—15.8) (-14.3)
SMB 0.08 0.07 0.58 0.59 -0.36 -0.36 -0.03 -0.03 -0.50 -0.49
(1.8) (1.7) (14.9) (14.5) (-11.6) (-11.4) (-1.2) (-1.4) (-16.3) (—15.8)
HML 0.28 0.29 0.18 0.18 0.21 0.22 -0.03 -0.03 0.20 0.20
(4.9) (4.9) (34) (3.3) (4.8) (4.9) (-1.0) (=0.9) (4.7) (4.7)
RMW 0.50 0.48 0.04 0.03 0.56 0.52 0.12 0.12 0.67 0.64
(8.2) (7.6) (0.7) (0.5) (12.3) (11.1) (3.4) (3.3) (15.0) (13.9)
CMA 0.40 0.38 0.12 0.11 048 0.46 0.16 0.16 0.46 0.45
(4.6) (4.3) (1.5) (1.4) (7.4) (7.1) (3.3) (3.3) (7.3) (7.0)
REV -0.06 —-0.06 0.02 0.02 0.18 0.19 0.36 0.36 —-0.01 0.00
(-1.5) (-1.6) (0.6) (0.6) (6.3) (6.6) (16.4) (16.4) (-0.2) (-0.2)
R? 0.24 0.25 0.37 0.38 0.74 0.74 0.34 0.34 0.78 0.78
Number of observations 684 684 684 684 684 684 684 684 684 684
Panel B: Lottery sales and casino profits
BABy:.1 BAByry1 BACyeiq1 BAChry1 LMAXpei1 LMAXgry1 SMAXgry1 SMAXgeiq IVOLgey1 IVOLge 4
Casino¢ -0.47 -0.43 0.49 —-0.05 0.01
(-0.83) (—-0.64) (1.71) (-0.26) (0.04)
Casinog,q - Casinoy -1.84 -0.74 -2.67 -0.59 -2.39
(-1.28) (-0.44) (=3.74) (-1.36) (-2.84)
Lottery, 0.00 0.00 0.00 0.00 0.00
(0.64) (0.51) (0.39) (-0.43) (0.76)
Lottery,, - Lottery; 0.00 0.00 0.00 0.00 0.00
(1.08) (1.24) (-0.31) (-0.21) (-1.21)
Controls
MKT 0.27 0.21 0.15 0.19 -0.32 -0.46 —-0.02 -0.18 -0.29 —-0.46
(3.4) (4.2) (1.6) (4.2) (-8.1) (-11.6) (-0.8) (-6.1) (-6.1) (-11.2)
SMB 0.25 0.64 0.80 0.86 -0.27 -0.22 0.04 0.01 -0.40 -0.52
(2.0) (9.9) (5.4) (14.3) (-4.2) (-4.2) (0.9) (0.3) (=5.3) (-9.7)
HML 0.47 —-0.05 0.20 -0.04 0.22 0.11 0.01 0.13 0.24 0.11
(3.3) (-0.7) (1.2) (-0.7) (3.1) (1.9) (0.4) (3.0) (3.0) (2.0)
RMW 0.51 0.48 -0.12 0.19 0.79 0.49 0.10 0.13 0.91 043
(3.8) (5.4) (-0.8) (2.4) (11.8) (7.0) (2.4) (2.5) (11.7) (5.9)
CMA 0.19 0.15 0.21 0.07 0.41 0.18 0.04 0.00 0.44 0.27
(0.9) (1.4) (0.8) (0.7) (3.9) (2.1) (0.7) (-0.1) (3.6) (2.9)
REV -0.15 0.01 —-0.02 0.00 0.11 -0.36 0.25 -0.41 -0.01 -0.21
(-1.4) (0.2) (-0.2) (-0.0) (2.2) (-6.4) (7.8) (-9.8) (-0.2) (-3.6)
R? 0.29 0.30 0.25 0.47 0.83 0.60 0.33 0.36 0.81 0.64
Number of observations 142 252 142 252 142 252 142 252 142 252
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Panel C: CAPM alpha for portfolios sorted on mispricing and correlation

Conditional sort on correlation

P1 P2 P3 P4 P5 LS
(low) (high)
Sort on mispricing P1 (low) 0.6 0.5 04 0.4 0.1 -0.5
(5.5) (5.3) (4.6) (4.2) (1.5) (-3.4)
P2 04 0.4 0.3 0.2 0.0 -0.5
(3.9) (4.8) (3.2) (1.9) (-0.3) (-3.0)
P3 04 0.2 0.2 0.1 -0.1 -04
(3.3) (2.5) (1.8) (1.6) (-0.9) (=2.7)
P4 03 0.1 0.2 0.0 -0.3 -0.6
(2.9) (1.5) (2.6) (-0.2) (-3.3) (-4.0)
P5 (high) -0.1 -0.2 -0.4 -04 -0.7 -0.5
(-1.1) (=2.0) (-3.5) (-3.3) (-5.6) (=2.9)
LS -0.8 -0.8 -0.8 -0.8 -0.8
(-6.3) (-5.6) (-6.0) (=5.2) (=5.1)

out with the bathwater). Second, their finding related to
idiosyncratic volatility could confound the alpha-beta re-
lation to the extent that there are multiple drivers of the
low-risk effect. Third, they use a different measure of beta
than the one that we use here. Fourth, they use a shorter
sample (because they need the mispricing data). We dis-
cuss the first three effects. (Regarding the fourth issue, we
must also focus on the shorter sample period when con-
trolling for mispricing.)

To get a cleaner test of the alpha-beta relation when
controlling for mispricing, we sort stocks first by mispric-
ing and then by our measure of correlation. By sorting on
correlation instead of beta, we pick up the effect of sys-
tematic risk without also mechanically picking up the ef-
fect of idiosyncratic volatility. Panel C of Table 8 reports
the results. Consistent with the theory of leverage con-
straints, higher correlation leads to lower alpha irrespec-
tive of the degree of over- or under-pricing (looking across
each row). In all five mispricing quintiles, higher correla-
tion leads to a lower alpha. The size of the alpha is also
similar across mispricing quintiles. This provides further
evidence of the theory of leverage constraints. We note
that, while sorting on correlation does not mechanically
sort on IVOL, it also does not hold IVOL constant (and do-
ing so is cumbersome, as it would require triple-sorted
portfolios). That said, IVOL varies only modestly across the
portfolios and it falls with correlation (across each row), so
the alternative behavioral theories cannot explain the low
alpha of the high-correlation portfolios.

At the same time, a higher mispricing is associated
with a lower alpha for each level of correlation (looking
across the columns), consistent with the idea that mispric-
ing plays a separate role from leverage constraints.

In a different test, Liu et al. (2018) find that the low-
risk effect disappears if one deletes stocks that are among
the 20% most overpriced and simultaneous among the 25%
highest IVOL. This finding arises because of their specific
measures of alpha and beta and because of their sample.
The low-risk effect measured our way is robust to deleting
these stocks. To see this, the Appendix reports the magni-
tude of low-risk effect using their measures (Table A5) and
using our measures (Table A6). Even using their measure of

beta, deleting overpriced and risky stocks has little effect
on the slope of the security market line (the relation be-
tween excess returns and beta), and it therefore does not
influence the low-risk effect when measured using CAPM
alpha. The low-risk effect does, become insignificant if one
considers three-factor alpha because the return to low-risk
portfolios is partly explained by HML. But, as explained in
Section 3.3, the leverage constraints theory predicts an ef-
fect of beta only on CAPM alpha, not necessarily three-
factor alpha. In addition, if we use our measure of beta
(Table A6), we obtain a larger beta spread in beta-sorted
portfolios and the low-risk effect remains significant even
after deleting overpriced and risky stocks and controlling
for the three-factor model.

In summary, the evidence based on the double sort
supports both the theory of leverage constraints and the
idea that stocks can be mispriced due to other effects con-
sistent with Stambaugh et al. (2015) and Liu et al. (2018).
The evidence based on deleting certain stocks provides fur-
ther evidence of the robustness of the low-risk effect, al-
though certain subsamples and certain measures of beta
and alpha also exist in which the effect is weaker.

5.3. Alternative economic drivers

5.3.1. Money illusion

To test the Modigliani-Cohn hypothesis of money illu-
sion as proposed in this connection by Cohen et al. (2005),
we include inflation in Table 8, Panel A. The sign of infla-
tion is wrong relative to the Modigliani-Cohn hypothesis
of money illusion, so it seems unlikely that money illusion
drives the low-risk effect.

5.3.2. Skewness and co-skewness

The CAPM is based on specific assumptions, in partic-
ular, that the representative investor has quadratic utility,
implying that required returns depend only on the covari-
ance (or beta) with the market return. With other util-
ity functions, skew and other higher-order moments also
matter. For example, a representative investor with con-
stant relative risk aversion (CRRA) is averse toward skew
risk because this utility functions puts additional emphasis
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Fig. 1. State dependent performance of high- and low-beta portfolios.

This figure shows the average return to high- and low-beta portfolios in 20 different states based on the market return. We create 20 groups of monthly
observations by sorting on the realized market return. For each quantile, we calculate the average excess return to the market portfolio and a high- and
low-beta portfolio. The beta-sorted portfolios are constructed as follows. At the beginning of each month, we rank stocks in ascending order based on
their estimated market beta. The ranked stocks are assigned to one of ten portfolios based on NYSE break-points. Within each portfolio, stocks are value-
weighted based on the market value at the end of the previous month. The low-beta portfolio is the portfolio with the lowest beta and the high-beta

portfolio is the portfolio with the highest beta.

on the worst states of the market (Kraus and Litzenberger,
1976). Schneider et al. (2016) show that low-beta stocks
have higher skew risk, in the sense that they do worse
than their beta suggests in the worst realizations of the
market, and argue that the high alpha of low-beta stocks
may be compensation for such skew risk.

To address this issue, we first simply consider how
beta-sorted portfolios perform in different market environ-
ments. Fig. 1 plots the realized return to low- and high-
beta portfolios as a function of the realized market re-
turn. Clearly, low-beta stocks have much higher returns
than high-beta stocks when the market is down, especially
when the market is way down. Hence, this theory has no
chance to explain a flat security market line because low-
beta stocks are certainly safer than high-beta stocks with
respect to any stochastic discount factor that is monotonic
in the market return (as implied by a representative agents
with any standard utility function of the market return).
More broadly, given that low-beta stocks have almost as
high average returns as high-beta stocks, it is difficult to
see why skew-averse investors would not prefer the low-
beta stocks. Indeed, if we lever the low-beta portfolio 3.07

times such that it has the same return as high-beta portfo-
lio during the months with the worst market returns, then
the leveraged low-beta portfolio has an average excess re-
turn of 21% per year whereas the high-beta portfolio has
an average return of only 6.8%. That is, the low-beta port-
folio offers a much higher average return when leveraged
to the same skew risk.

Further, Fig. 1 shows that both low-beta and high-beta
average portfolio returns are close to linear in the mar-
ket return. However, we can detect a small nonlinearity
in the most extreme cases. In the worst market outcomes,
low-beta stocks perform slightly worse than implied by
their beta and the reverse is true for high-beta stocks.
This finding is consistent with the loading on the squared
market return shown by Schneider et al. (2016). There-
fore, skew risk averse agents would require a lower re-
turn spread between low-beta and high-beta stocks than
what is implied by the CAPM. But how large is this
effect?

Fig. 2 plots the required return to ten beta-sorted port-
folios as implied by three different asset pricing models:
the CAPM, a CRRA investor with risk aversion of 3, and



644 C. Asness, A. Frazzini and N,J. Gormsen et al./Journal of Financial Economics 135 (2020) 629-652

1.8
1.6
1.4

1.2

0.8
0.6
0.4
0.2

o 2 > m 5

W

Fig. 2. Realized and required return for beta-sorted portfolios.
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Realized excess return

This figure shows the realized and required return to beta-sorted portfolios using three different asset pricing models. The green dots show the average
realized excess returns for ten beta-sorted portfolios (normalized by dividing by the average market excess return). The solid blue line shows the portfolio’s
required returns based on the capital asset pricing model (again normalized by dividing by the required market excess return). The dashed red line and
the dotted purple line show the required returns implied by a stochastic discount factor (SDF) for the constant relative risk aversion (CRRA) investor with
risk aversion of y =10 and y =3 respectively, again normalized required market excess return. The beta-sorted portfolios are constructed as follows. At
the beginning of each month, we rank stocks in ascending order based on their estimated market beta. The ranked stocks are assigned to one of ten
portfolios based on NYSE break-points. Within each portfolio, stocks are value-weighted based on the market value at the end of the previous month. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

a CRRA investor with risk aversion of 10."* The lines are
close together, meaning that skew risk has a relatively
small effect on required returns. Further, all three lines are
far from the realized returns illustrated with green dots,
meaning that neither can explain the low-risk effect. Nev-
ertheless, a CRRA investor would require slightly higher re-
turn on low-beta stocks than a CAPM investor because of
skew risk. For example, with the highest risk aversion of
10, such an investor requires 0.56 times the market return
to buy the low-beta portfolio, whereas the CAPM investor
requires 0.51 times the market return. The CRRA investor
still requires substantially less than the realized return on
low-beta stocks.

In summary, either way that we look at the data, skew
risk of this form is too small to explain the low-risk effect.

5.3.3. Time-varying betas

Cederburg and O’Doherty (2016) find that the low-risk
effect is explained by time-varying conditional betas. This
could seem like a puzzling statement given that the BAB
factor is hedged ex-ante to have a conditional beta of zero.

4 The stochastic discount factor (SDF) of a CRRA investor with risk aver-
sion of y is proportional to (1 + ")~ so the required return of any secu-
rity i is proportional to the covariance with the SDF, —cov[r, (1 +r™)7"].

A constant beta of zero does not vary. Time-varying be-
tas could matter anyway for two reasons. (1) The ex-ante
hedge used to construct BAB could be sufficiently imper-
fect. (2) Cederburg and O’Doherty (2016) actually ignore
the BAB factor and construct their own low-beta factor,
which is not constructed to be beta neutral.

Let us start with the second reason. The low-minus-
high beta portfolio of Cederburg and O’'Doherty (2016) sim-
ply has a low CAPM alpha even before adjusting for time-
varying betas (due to their use of quarterly returns, not
using NYSE breakpoints, measure of beta, and factor con-
struction). Hence, they start with a low-beta factor with
a low alpha and do not hedge market exposure ex-ante
(as BAB), concluding that they fail to reject that the low-
beta effect is different from zero. However, failing to reject
a test can simply mean that the test has low power, but
such a finding does not imply that the low-risk effect is
zero when stronger tests succeed to reject. For example,
Liu et al. (2018) vary the methodology of Cederburg and
O’Doherty slightly, and they find that controlling for condi-
tional betas cannot explain the low-risk effect (Table A2).
In fact, in Liu et al’s regressions, the low-risk effect be-
comes slightly larger after controlling for conditional be-
tas. More broadly, we note that the use of instruments by
Cederburg and O’Doherty (2016) to control for variation in
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betas is subject to the Hansen and Richard (1987) critique,
namely that we cannot know if we have used the right in-
struments.

If time-varying betas was a concern, it would be natural
to use the BAB factor because its ex-ante beta is hedged to
zero. Even if the true ex-ante beta is different from zero
(due to measurement error), it is unlikely that all of its
0.73 monthly CAPM alpha can be explained by time vary-
ing betas. For instance, as shown in Table 1 of Lewellen
and Nagel (2006), conditional market timing explains at
most 0.25% monthly alpha if the monthly standard devia-
tion of betas is 0.5, which would be a remarkable monthly
variation for a strategy that is hedged to have a con-
stant conditional beta of zero. Further, Gormsen and Jensen
(2018) explicitly test the effect of time-varying betas of
the BAB factor using a noninstrumental approach, finding
that time variation in betas can explain only around 20%
of BAB’s CAPM alpha.

6. Horse race

The analysis so far suggests that the low-risk effect is
driven by both systematic and idiosyncratic risk due to,
respectively, leverage constraints and lottery demand. Our
analysis indicates that the competing explanations share
an element related to volatility and have separate elements
related to, respectively, correlation and the shape of the re-
turn distribution. To further judge whether both explana-
tions have separate power and their relative importance in
the low-risk effect, we now run a horse race.

6.1. Horse race based on published factors

We first consider a horse race between the various fac-
tors constructed as in the papers where they were first
considered (as we have also done in the previous analysis).
Table 9 shows the results of regressing each systematic
and idiosyncratic risk factor on a competing factor (BAB or
LMAX) as well as several controls, namely, the five Fama-
French factors and the reversal factor REV.

Panel A of Table 9 reports our findings for US factors.
The BAB factor in the US has a positive and significant
alpha (t-statistic of 3.0) when controlling for LMAX and
IVOL, the five Fama-French factors, and REV. Further, BAC
has an even more significant alpha when controlling for
these factors BAC has an alpha of 0.5% per month with a
t-statistic of 4.8. The higher alpha of BAC is likely due to
the fact that it is constructed to be less correlated to other
factors. Indeed, BAC has a smaller factor loading on LMAX
than BAB, although both are significantly positive. Collec-
tively, these findings are evidence that the low-risk effect
is not simply explained by a combination of idiosyncratic
risk and the five Fama-French factors.

Finally, we see in Panel A of Table 9 that BAV is not
robust to controlling for LMAX, the five Fama-French fac-
tors, and REV. This finding is not surprising because BAV
captures the part of BAB that is most closely connected to
the idiosyncratic risk factors such as LMAX. When we have
similar variables on the left-hand side and right-hand side,
the intercept is naturally insignificant. BAV has significant

excess returns, one-factor, and three-factor alpha, so its al-
pha turns insignificant only when we control for all other
factors, which could simply reflect that the collection of
right-hand-side variables already captures effects of lever-
age constraints (as discussed above).

We next turn our attention to the idiosyncratic factors
in Table 9. LMAX and IVOL have insignificant alphas in the
regressions in which we control for BAB, the five Fama-
French factors, and REV. Given our earlier results, this find-
ing reflects that BAB drives the alpha of these factors to
zero. However, SMAX has a positive and significant alpha.
The fact that SMAX is the only idiosyncratic risk factor that
retains its alpha could be because it is constructed to be
more exclusively focused on idiosyncratic skewness, mak-
ing it less correlated to BAB (and perhaps the other fac-
tors).

Panel B of Table 9 shows the same factor regressions
in the global sample. BAB and BAC have significant alphas,
highlighting the importance of systematic risk in the global
low-risk effect. None of the idiosyncratic factors has signif-
icant alpha in the global sample.

6.2. Turnover and alpha decay

So far, we have followed the literature and considered
factors constructed as in the papers that first developed
these factors, but the methodologies differ across factors.
BAB (and, likewise, BAC and BAV) are rank-weighted, and
the others are based on the Fama-French methodology.
Further, the factors have different turnover: LMAX, SMAX,
and IVOL are based on monthly characteristics that change
quickly and, thus, have high turnover relative to BAB and
the Fama-French factors that are more stable. We address
both of these issues in order to make apples-to-apples
comparisons.

We first consider turnover. Table 10 shows that LMAX
and IVOL have much faster turnover than BAB, BAC, and
BAV. LMAX and IVOL have a monthly turnover of about $2.
Said differently, an idiosyncratic volatility factor that goes
long $1 and shorts $1 has an annual turnover of about
12 x $2 = $24. The Fama-French and BAB-type factors have
about six times lower turnover (e.g., BAC has a monthly
turnover of $0.35). This large difference in turnover is
partly explained by the length of the time periods over
which the characteristics are estimated: MAX and IVOL are
both estimated over the previous month, whereas the char-
acteristics used for the BAB-type factors are estimated over
one to five years. Further, the characteristics of correlation
and volatility could simply be more stable economic char-
acteristics than variables such as MAX. The high turnover
of the MAX and IVOL factors makes them more difficult to
interpret, for instance, because behavioral investors could
find keeping track of such transient properties more dif-
ficult. Further, the high turnover means that these fac-
tors are more sensitive to microstructure issues, noise, and
trading cost. To capture one element of these issues, we
have included the factor REV, but constructing more stable
characteristics is a much more direct way to address the
turnover issue.

We introduce a new one-year MAX characteristic that
calculates max returns over the last year instead of the
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Table 9
Horse race: factors as published.

This table reports the result of regressing one low-risk factor on another, as well as control variables. Panel A reports the results for the
US sample and Panel B reports the results for the global sample. The dependent variables are the monthly excess returns to betting against
beta (BAB), betting against correlation (BAC), betting against volatility (BAV), the factor going long stocks with low maximum return over the
past month (LMAX), the factor going long stocks with low maximum return scaled by volatility (SMAX), and the factor going long stocks
with low idiosyncratic volatility (IVOL). The intercept alpha is in monthly percent. The control variables are the monthly excess return to the
market portfolio (MKT), size (SMB, small minus big), value (HML, high minus low), profitability (RMW, robust minus weak), investment (CMA,
conservative minus agressive), and short-term reversal (REV). t-statistics are shown in parentheses below the coefficient estimates, and 5%
statistical significance is indicated in bold. The Sharpe ratio (SR) and information ratio (IR) are annualized.

BAB BAC BAV LMAX SMAX IVOL
Panel A: U.S. sample (1963-2015)
Alpha 0.31 0.52 -0.19 0.05 0.18 0.07
(3.04) (4.79) (-1.99) (0.63) (2.68) (0.91)
MKT 0.36 0.07 0.46 -0.42 -0.10 -0.38
(11.5) (2.3) (15.8) (-22.2) (-6.4) (-18.7)
SMB 0.35 0.66 —0.02 -0.41 —-0.04 -0.53
(8.2) (15.0) (-0.4) (-15.7) (-1.9) (-19.2)
HML 0.13 0.10 0.14 0.10 -0.07 0.12
(2.6) (2.0) (3.0) (2.7) (-2.1) (2.9)
RMW 0.07 -0.12 035 0.39 0.05 0.55
(1.2) (-2.0) (6.2) (9.9) (1.6) (13.0)
CMA 0.03 —-0.05 -0.01 0.35 0.10 0.37
(0.4) (-0.6) (-0.1) (6.3) (2.2) (6.3)
REV -0.21 -0.12 -0.17 0.21 0.37 0.01
(-5.8) (-3.2) (-5.0) (8.6) (17.9) (0.5)
BAB 0.39 0.15 0.28
(15.5) (7.0) (10.4)
LMAX 0.79 0.75 0.35
(10.7) (9.6) (5.1)
IVOL -0.11 —-0.48 0.61
(-1.4) (-6.1) (8.6)
SR 0.90 0.85 0.31 0.34 0.78 0.22
IR 0.45 0.71 -0.30 0.09 0.40 0.14
R? 0.44 0.42 0.74 0.81 0.39 0.81
Number of observations 630 630 630 630 630 630
Panel B: Global sample (1990-2015)
BAB BAC BAV LMAX SMAX IVOL
Alpha 0.25 0.40 -0.18 -0.13 0.00 -0.11
(2.37) (3.73) (-1.77) (-1.56) (0.06) (-1.25)
MKT 0.41 0.22 0.36 -043 -0.11 -0.34
(10.7) (5.7) (10.1) (-18.8) (=5.2) (-13.5)
SMB 0.70 0.74 0.09 -0.49 —-0.03 -0.63
(11.7) (12.3) (1.6) (-11.3) (-0.8) (-13.5)
HML 0.17 0.08 0.19 0.01 0.02 0.00
(2.6) (1.1) (3.1) (0.2) (0.4) (0.0)
RMW 0.22 0.15 0.06 0.43 0.09 0.50
(2.3) (1.6) (0.7) (6.3) (1.4) (6.8)
CMA -0.20 —-0.09 -0.21 0.51 0.10 0.57
(=2.1) (-1.0) (-2.4) (7.8) (1.6) (8.2)
REV -0.22 -0.11 -0.21 0.24 0.40 0.11
(-5.6) (-2.6) (=5.4) (8.5) (15.2) (3.5)
BAB 0.47 0.15 0.40
(13.5) (4.5) (10.5)
LMAX 0.83 0.75 040
(7.2) (6.4) (3.6)
IVOL —-0.02 -0.50 0.70
(-0.2) (-4.3) (6.4)
SR 0.97 0.94 0.36 0.34 0.41 0.35
IR 0.52 0.81 -0.39 -0.34 0.01 -0.27
R? 0.63 0.46 0.80 0.88 0.50 0.85
Number of observations 306 306 306 306 306 306

last month and a corresponding factor that we denote
LMAX(1Y). The characteristic is simply the average return
on the 20 highest return days. Similarly, we construct the
factor SMAX(1Y) based on volatility-scaled MAX returns
over the one-year look-back period.

As can be seen in Table 10, the idiosyncratic risk factors
with one-year look-back period, namely, LMAX(1Y) and
SMAX(1Y), have substantially lower turnover than their
monthly counterparts. Nevertheless, these factors still have
higher turnover than the BAB and Fama-French factors.
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Table 10

Turnover.

This table reports the turnover of the different trading strategies considered in the paper. We measure turnover as the amount of dollars that has to be
traded in each trading strategy on a monthly basis. For betting against correlation (BAC) and betting against volatility (BAV) at the beginning of each month
stocks are ranked in ascending order based on the estimate of volatility (correlation) at the end of the previous month. The ranked stocks are assigned to
one of five quintiles. US sorts are based on NYSE break-points. Within each quintile, stocks are assigned to one of two portfolios: low correlation (volatility)
and high correlation (volatility). In these portfolios, stocks are weighted by ranked correlation (volatility) [lower correlation (volatility) stocks have larger
weights in the low-correlation (volatility) portfolios and larger correlation (volatility) stocks have larger weights in the high-correlation (volatility) port-
folios], and the portfolios are rebalanced every calendar month. The portfolios are (de)levered to have a beta of one at formation. Within each volatility
(correlation) quintile, a self-financing portfolio is made that is long the low-correlation (volatility) portfolio and short the high-correlation (volatility) port-
folio. Betting against correlation (volatility) is the equal-weighted average of these five portfolios. This table shows regression results for monthly returns to
low maximum return (LMAX), scaled maximum return (SMAX), and low idiosyncratic volatility (IVOL). Panel A reports the results from the US sample and
Panel B reports the results from the global sample. LMAX (SMAX, IVOL) is constructed as the intersection of six value-weighted portfolios formed on size
and MAX (SMAX, IVOL). For US securities, the size break-point is the median NYSE market equity. For international securities, the size break-point is the
80th percentile by country. The MAX (SMAX, IVOL) break-points are the 30th and 70th percentile. We use unconditional sorts in the US and conditional
sorts in the international sample [first we sort on size and then MAX (SMAX, IVOL)]. Firms are assigned to one of six portfolios based on these break-points.
Portfolios are value-weighted, refreshed every calendar month, and rebalanced every calendar month to maintain value weights. LMAX (SMAX, IVOL) is
then the average return to the two low MAX (SMAX, IVOL) portfolios minus the average return to the two high MAX (SMAX, IVOL) portfolios. We form one
set of portfolios in each country and compute global portfolios by weighting each country’s portfolio by the country’s lagged total market capitalization.
MAX is the sum of the five highest returns over the previous month. SMAX is the MAX characteristic divided by one-year daily volatility. The IVOL factor

is based on the characteristics defined by Ang et al. (2006). The US sample is 1926 to 2015. FF refers to Fama and French.

Portfolio
HML BAB BAB BAB BAC BAV LMAX SMAX IVOL LMAX(1Y) SMAX(1Y)
FF: june FF: june  FF: Rank Rank Rank FF: FF: FF: FF:
Method update  update monthly  weights weights weights monthly FF: monthly monthly monthly monthly
Turnover 0.24 0.21 0.41 0.34 0.35 0.36 2.06 2.77 1.76 0.46 1.14

Period over which NA
the characteristics
are calculated

1-5 years 1-5 years 1-5years 1-5 years

1-5 years 1 month 1-12 months 1 month 1 year 1 year

Table 11 shows the return to LMAX(1Y) and SMAX(1Y).
LMAX(1Y) has significant three-factor alpha, but the alpha
is driven out when controlling for RMW, CMA, and REV.
For SMAX(1Y), the situation is worse. The factor has in-
significant three-factor alpha and significantly negative al-
pha once controlling for RMW, CMA, and REV. These re-
sults suggest that the factors get much of their alphas from
the high turnover.

Another way to illustrate the importance of turnover is
to consider how quickly the alpha decays after portfolio
formation. To illustrate the alpha decay of the various fac-
tors, Fig. 3 plots the cumulative alpha in event time, rel-
ative to the portfolio formation period. Panel A plots the
three-factor alphas and Panel B plots five-factor alphas.

As can be seen in Panel A, the cumulative alphas of the
BAB and BAC factors grow continually over the year after
the portfolio formation period. To understand what hap-
pens, note that low-beta stocks typically remain low-beta
stocks over the following 12 months and, therefore, they
continue to earn positive alphas. Likewise, the cumulative
three-factor alphas of LMAX and LMAX(1Y) gradually rise
over the next 12 months, although these curves flatten out.
The cumulative alpha of SMAX is striking. It flattens out af-
ter one month, meaning that all of the three-factor alpha
associated with the monthly SMAX characteristic is earned
in the first month - holding SMAX for longer does not give
any additional alpha.

Panel B of Fig. 3 shows cumulative five-factor alpha in
event time, that is, the same as Panel A except that we
now also control for the quality factors RMW and CMA.
For BAB and BAC, the results are similar to those of Panel
A, reflecting that the BAB and BAC factors continue to
earn alpha, whether the three-factor or five-factor model
is used, over the 12 months following portfolio forma-

tion. However, now all of the idiosyncratic risk factors have
flat cumulative alpha curves, looking similar to the flat al-
pha curve for SMAX in Panel A. In other words, as for
SMAX, LMAX, and even the version with one-year look-
back now earn alpha only in the month following portfo-
lio formation and holding it for longer hardly contributes
with additional alpha. This difference in the persistence of
three-factor and five-factor alpha for LMAX is due to the
loading of LMAX on the quality factors (profitability and
investment). LMAX seems to pick up a slow-moving return
pattern captured by RMW and CMA, but, once we control
for RMW and CMA, the effect disappears and only a tran-
sient return component remains.

6.3. All factors constructed based on Fama-French
methodology

We next run a horse race in which all factors are con-
structed based on the Fama-French methodology. All fac-
tors are constructed by double sorting on size and the
characteristic in question, creating value-weighted portfo-
lios, and going long a small and a big one and shorting a
small and a big one (as described in Section 2). For BAC
and BAV, we continue to create volatility- (correlation-)
neutral editions of the factors. That is, within each volatil-
ity (correlation) quintile, we create a Fama-French type
factor based on stocks’ correlation (volatility) characteris-
tic and then take an equal-weighted average of these five
factors.

The results are reported in Table 12. BAB, BAC, and
BAV have positive and significant alphas when controlling
for the five Fama-French factors and REV. These results
thus reject the claim by Fama and French (2016) that the
low-risk effect is explained by the five-factor model. The
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Table 11

Maximum return (MAX) factors based on yearly book-back periods.

This table shows regression results for monthly returns to low maximum return (LMAX) and scaled maximum return (SMAX)
factors that are produced based on yearly estimates of MAX. Panel A reports the results from the long US sample and Panel
B reports the results from the global sample. LMAX(1Y) [SMAX(1Y)] is constructed as the intersection of six value-weighted
portfolios formed on size and MAX(1Y) [SMAX(1Y)]. For US securities, the size break-point is the median NYSE market equity.
For international securities, the size break-point is the 80th percentile by country. The MAX(1Y) [SMAX(1Y)] break-points are
the 30th and 70th percentile. We use unconditional sorts in the US and conditional sorts in the international sample (first
we sort on size and then LMAX(1Y) [SMAX(1Y)]). Firms are assigned to one of six portfolios based on these break-points.
Portfolios are value-weighted, refreshed every calendar month, and rebalanced every calendar month to maintain value weights.
LMAX(1Y) [SMAX(1Y)] is then the average return to the two low MAX(1Y) [SMAX(1Y)] portfolios minus the average return to
the two high MAX(1Y) [SMAX(1Y)] portfolios. We form one set of portfolios in each country and compute global portfolios by
weighting each country’s portfolio by the country’s lagged total market capitalization. MAX(1Y) is the sum of the 20 highest
returns over the previous year. SMAX(1Y) is the MAX(1Y) characteristic divided by one-year daily volatility. The explanatory
variables are monthly excess to the value-weighted market portfolio and the monthly returns for the SMB (small minus big),
HML (high minus low), RMW (robust minus weak), CMA (conservative minus aggressive), REV (short term reversal), and BAB
(betting against beta) factor. SMB, HML, RMW, and CMA are from Fama and French (2015). BAB is from Frazzini and Pedersen
(2014). Returns and alphas are in monthly percent, t-statistics are shown in parentheses below the coefficient estimates, and
5% statistical significance is indicated in bold. The Sharpe ratio (SR) and information ratio (IR) are annualized.

LMAX(1Y) SMAX(1Y)
Panel A: U.S. sample (1963-2015)

Alpha 0.40 0.08 -0.11 -0.13 -0.25 -0.23
(3.71) (0.85) (-1.30) (-1.64) (=3.53) (=3.21)
MKT -0.50 -043 -047 0.00 -0.05 -0.04
(—19.6) (-17.6) (-21.9) (0.1) (-2.6) (-2.4)
SMB -0.67 -0.54 —-0.59 -0.23 -0.21 -0.21
(—18.8) (—16.0) (—20.0) (-9.0) (-8.8) (-8.5)
HML 0.36 0.11 0.00 0.16 0.16 0.18
(9.3) (2.3) (-0.0) (5.7) (4.8) (5.1)
RMW 0.61 042 0.17 0.19
(12.3) (9.4) (4.8) (5.1)
CMA 0.52 037 -0.07 —-0.05
(7.3) (5.9) (-1.3) (-1.0)
REV 0.04 0.06 0.25 0.25
(1.3) (2.3) (10.9) (10.8)
BAB 041 —-0.04
(14.5) (-1.8)
SR 0.07 0.07 0.07 -0.22 -0.22 -0.22
IR 0.52 0.13 -0.19 -0.23 -0.52 -0.48
R? 0.68 0.75 0.81 0.18 0.34 0.34
Number of observations 630 630 630 630 630 630

Panel B: Global sample (1990-2015)
Alpha 0.39 -0.11 -0.24 -0.18 -0.28 -0.26
(2.90) (-0.92) (-2.63) (-1.95) (=3.30) (=3.11)
MKT -0.65 -0.41 -0.46 0.00 —-0.04 -0.03
(-21.3) (-12.8) (-18.3) (-0.2) (-1.7) (-1.4)
SMB —-0.58 -0.32 —-0.59 -0.29 -0.25 -0.22
(-9.2) (=5.7) (-12.4) (-6.6) (-6.2) (-4.9)
HML 0.48 0.02 -0.14 0.22 0.22 0.24
(8.2) (0.3) (—2.4) (5.5) (4.3) (4.6)
RMW 0.93 043 0.21 0.27
(10.8) (5.7) (3.4) (3.8)
CMA 0.72 0.54 -0.06 —-0.04
(7.8) (7.5) (-1.0) (-0.6)
REV 0.03 0.06 0.29 0.28
(0.8) (2.0) (9.9) (9.8)
BAB 0.55 —-0.06
(14.1) (-1.8)
SR 0.20 0.20 0.20 -0.25 -0.25 -0.25
IR 0.59 -0.20 -0.58 -0.39 -0.72 -0.68
R? 0.68 0.79 0.87 0.22 0.43 0.43

Number of observations 306 306 306 306 306 306
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Table 12

Horse race: factors based on Fama-French methodology.

This table reports regression results of horse races in which factors are constructed following the Fama and French (1993) methodology.
Panel A reports the results for the US. sample and panel B reports the results for the global sample. The dependent variables are the
monthly returns BAB (betting against beta), BAC (betting against correlation), BAV (betting against volatility), LMAX (low maximum return),
SMAX (scaled maximum return), SMAX(1Y) (one-year look-back SMAX), and IVOL (low idiosyncratic volatility). All factors are constructed
following the same methodology. BAB, for example, is constructed as the intersection of six value-weighted portfolios formed on size and
beta. For US securities, the size break-point is the median NYSE market equity. For international securities, the size break-point is the 80th
percentile by country. The beta break-points are the 30th and 70th percentile. We use unconditional sorts in the US and conditional sorts
in the international sample (first we sort on size and then beta). Firms are assigned to one of six portfolios based on these breakpoints.
Portfolios are value-weighted, refreshed every calendar month, and rebalanced every calendar month to maintain value weights. BAB is then
the average return to the two low BAB portfolios minus the average return to the two high BAB portfolios. We form one set of portfolios
in each country and compute global portfolios by weighting each country’s portfolio by the country’s lagged total market capitalization.
All factors are set up such they have positive capital asset pricing model alpha. For BAC and BAV, we create a factor within each volatility
(correlation) quintile, and the BAC (BAV) factor is then the average of these five. MAX is the sum of the five highest returns over the previous
month. SMAX is the MAX characteristic divided by one-year daily volatility. IVOL is the characteristics defined by Ang et al. (2006). Returns
and alphas are in monthly percent, t-statistics are shown in parentheses below the coefficient estimates, and 5% statistical significance is
indicated in bold. The Sharpe ratio (SR) and information ratio (IR) are annualized.

All FF-weights BAB BAB BAC BAC BAV BAV LMAX SMAX SMAX(1Y) IVOL
Panel A: U.S. sample (1963-2015)
Alpha 0.28 0.20 0.18 0.14 0.23 0.15 0.06 0.21 -0.25 0.06
(2.57) (3.26) (2.07) (1.88) (2.24) (2.85) (1.04) (3.16) (-3.41) (0.90)
MKT -0.57 -0.18 -0.33 -0.16 -0.46 —-0.09 —0.03 -0.01 —-0.06 -0.05
(=21.1)  (=96) (-157) (=7.1) (-18.4) (-54) (-17) (-04) (~2.6) (-2.2)
SMB -0.37 0.12 0.13 0.34 -0.61 -0.14 -0.14 0.03 -0.22 -0.31
(-9.8) (4.8) (4.4) (11.1)  (-17.8) (-6.7) (-6.5) (1.1) (-8.5) (-12.8)
HML 0.19 0.09 0.04 0.00 0.14 0.05 0.09 -0.05 0.17 0.09
(3.6) (3.0) (1.1) (0.0) (3.0) (1.9) 3.1) (-1.7) (4.9) (2.9)
RMW 0.40 -0.15 0.05 -0.19 0.49 -0.04 033 0.07 0.18 0.47
(73)  (-44) (1.1)  (-4.5) 9.7)  (-1.2) (10.7) (1.9) (4.8) (13.6)
CMA 0.39 —-0.08 0.14 —0.06 0.39 —0.06 0.25 0.11 —-0.06 0.27
(5.0) (-1.6) (24) (-1.1) (5.4) (-1.5) (5.9) (2.2) (-1.1) (5.6)
REV —-0.06 -0.09 -0.09 -0.10 0.02 —-0.02 0.22 0.37 0.25 0.03
(-1.6) (-4.6) (=33) (-4.3) (0.5) (-1.1) (11.9) (17.7) (10.8) (1.3)
BAB 0.62 0.14 —-0.03 0.53
(28.8) (5.9) (-1.0) (21.9)
LMAX(1Y) 0.90 0.39 0.86
(35.6) (12.8) (39.6)
SR 0.11 0.11 0.09 0.09 0.10 0.10 0.34 0.78 -0.22 0.22
IR 0.38 0.48 0.30 0.28 0.33 0.42 0.15 0.47 -0.50 0.13
R? 0.71 0.90 0.42 0.54 0.74 0.93 0.89 0.37 0.34 0.87
Number of observations 630 630 630 630 630 630 630 630 630 630
Panel B: Global sample (1990-2015)
Alpha —-0.06 0.04 0.02 0.07 0.01 0.09 0.02 0.05 0.05 -0.28
(-0.41) (0.40) (0.18) (0.74) (0.05) (1.15) (0.23) (0.64) (0.64) (-3.34)
MKT -0.48 -0.13 -0.22 —0.04 -0.44 -0.13 -0.12 -0.02 -0.02 -0.06
(-12.7)  (=3.9) (-7.7)  (-1.2) (-13.5) (-4.8) (-5.0) (-09) (-0.9) (=2.1)
SMB -0.12 0.15 0.26 0.40 -0.56 —-0.32 -0.19 0.06 0.06 -0.26
(-1.9) (3.3) (5.3) (9.0) (-9.9) (-8.1) (-5.4) (1.6) (1.6) (-6.3)
HML -0.16 -0.17 -0.20 -0.21 —-0.04 —-0.06 0.23 0.09 0.09 0.22
(-1.9) (-3.1) (=3.3) (-4.0) (-0.5) (-1.2) (5.3) (1.9) (1.9) (4.2)
RMW 0.83 0.03 0.41 0.00 0.63 —-0.08 0.40 0.10 0.10 0.25
(8.2) (0.3) (5.5) (0.1) (72)  (-1.2) (6.9) (1.5) (1.5) (3.6)
CMA 0.76 0.15 0.41 0.10 0.65 0.10 0.24 0.03 0.03 —-0.03
(7.2) (1.9) (5.2) (1.3) (7.1) (1.5) (4.0) (0.5) (0.5) (-0.4)
REV —-0.05 —-0.08 -0.13 -0.14 0.00 -0.03 0.24 0.40 0.40 0.28
(-1.0) (-24) (=3.7) (-4.8) (-0.0) (-1.0) (9.8) (15.2) (15.2) (9.8)
BAB 0.55 0.15 0.15 -0.05
(18.2) (4.8) (4.8) (-1.3)
LMAX(1Y) 0.86 044 0.76
(18.9) (10.0) (20.1)
SR 0.14 0.14 0.15 0.15 0.15 0.15 0.34 0.41 0.41 -0.25
IR -0.09 0.09 0.04 0.16 0.01 0.25 0.05 0.14 0.14 -0.73
R? 0.73 0.88 0.55 0.66 0.77 0.90 0.91 0.51 0.51 0.43
Number of observations 306 306 306 306 306 306 306 306 306 306
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Panel A: Cumulative three factor alpha
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Fig. 3. Cumulative alpha for longer holding periods.

This figure shows cumulative alpha for trading strategies in event time. The event time is months after the characteristics were last refreshed. The strategies
we consider are betting against beta (BAB), betting against correlation (BAC), LMAX, LMAX based on one-year lookback period LMAX(1Y), and scaled MAX

(SMAX).

alpha of BAC becomes insignificant once also controlling
for LMAX, but the alphas of BAB and BAV are robust to
controlling for LMAX. Looking at idiosyncratic risk factors,
SMAX is the only factor with significant alpha.

6.4. All factors constructed based on rank-weighting BAB
methodology

We next run a horse race in which all factors are rank-
weighted. Because some of the Fama and French charac-
teristics, such as book-to-price, are highly correlated with
size, we make all the rank-weighted factors size-neutral.
For each factor, similarly to Fama and French (1993), we
first assign stocks into two groups based on the median
NYSE size and then create a rank-weighted factor within
each size group. Each factor is then the average return to
the two rank-weighted factors. That is, for HML for in-
stance, the return is given by

HMLFk = 0. 5HMLRksmall 4 0 SHML e, (13)

where the rank-weighted returns are calculated using the
method of Frazzini and Pedersen (2014) such that the port-

folios are hedged ex-ante to have a beta of zero. We also
construct new editions of BAB, BAC, and BAV using the
above method.

Table 13 shows the results for the rank-weighted port-
folios. As we already knew, BAB and BAC work well with
rank weights and the factors thus have large Sharpe ratios.
What is new in Table 13 is that their alphas are robust to
using rank-weighted factors on the right-hand side. The al-
phas for BAB and BAC remain highly significant.

The alphas for the idiosyncratic risk factors are gen-
erally not robust to using rank weights. Only the six-
factor alpha of SMAX is statistically significant, but this
alpha becomes insignificant once controlling for BAB.
It is worth noting that using rank weights also works
for the idiosyncratic in the sense that these rank-
weighted factors have larger Sharpe ratios than their
Fama-French type counterparts. The reason that the rank-
weighted idiosyncratic risk factors nevertheless have low
or even negative alphas is that the rank-weighted right-
hand-side factors are even more effective in explaining
them.
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Table 13

Horse race: rank-weighted factors.

This table reports regression results of horse races in which all factors are rank-weighted. The dependent variables are the monthly returns BAB (betting
against beta), BAC (betting against correlation), BAV (betting against volatility), LMAX (low maximum return), SMAX (scaled maximum return), and IVOL
(low idiosyncratic volatility). All factors are constructed following the same methodology. BAB, for example, is constructed as follows. All stocks are sorted
into two groups based on size. The size break-point is the median NYSE market equity. Within each size group, stocks are assigned to one of two portfolios:
low beta and high beta. In these portfolios, stocks are weighted by rank (lower beta stocks have larger weights in the low-beta portfolios and larger beta
stocks have larger weights in the high-beta portfolios), and the portfolios are rebalanced every calendar month. The portfolios are (de)levered to have a
beta of one at formation. A self-financing portfolio is made that is long the low-beta portfolio and short the high-beta portfolio. All factors are set up such
they have positive capital asset pricing model alpha. MAX is the sum of the five highest returns over the previous month. SMAX is the MAX characteristic
divided by one-year daily volatility. IVOL is the characteristics defined by Ang et al. (2006). Returns and alphas are in monthly percent, t-statistics are
shown in parentheses below the coefficient estimates, and 5% statistical significance is indicated in bold. The Sharpe ratio (SR) and information ratio (IR)
are annualized.

US. sample (1952-2015) BAB BAB BAC BAC BAV BAV LMAX  LMAX SMAX SMAX  IVOL VoL
Alpha 0.45 0.41 0.36 0.35 0.18 0.07 0.18 ~0.22 0.19 0.05 026  —0.06
(4.63)  (4.69) (424) (416) (1.28)  (1.22) (0.83) (-1.14) (1.30) (0.33) (1.95) (-0.52)
MKT ~0.01 000 -003 -002 -008 -0.04 -006 -005 -001 000 -009  —0.08
(-03)  (02) (~13) (-12) (=24) (=3.0) (-12) (-12) (=02) (-02) (-2.8) (=3.0)
SMB 0.09 0.06 0.21 020 -013  -025 0.19 0.11 0.26 023 -007 -0.14
(73)  (47) (190) (17.7) (-7.4) (-3068)  (7.0) (42) (137)  (120) (-42)  (-9.0)
HML 0.56 0.43 0.26 0.22 0.80 0.39 0.69 0.19 016 0.2 0.58 0.18
(11.1)  (91)  (59)  (5.0) (11.0)  (12.1)  (6.3) (18)  (2.1) (=02)  (83) (2.8)
RMW 0.46 019 007 -0.15 1.22 0.36 1.46 1.05 0.60 0.46 1.26 0.93
(102)  (40) (-19) (=33) (190) (11.5) (149) (11.0) (89)  (64) (20.1)  (163)
CMA —0.01 005 —0.02 0.00 0.07 025 031 -030 -041 -0.40 0.13 0.13
(-0.1)  (0.7) (=03) (=0.0)  (0.7) (55)  (=19) (=2.0) (=3.7) (=3.7) (1.2) (1.5)
REV -007 -010 -0.06 -007 005 -0.16 0.18 0.24 0.35 037 -010  -0.05
(=3.1) (=5.0) (=3.0) (=35) (-17) (-11.5) (3.8 (55)  (10.7) (115) (=33)  (-2.0)
BAB 0.90 0.32 0.72
(12.3) (5.9) (16.8)

LMAX 0.19 0.05 0.59

(12.3) (3.5) (57.0)
SR 0.85 0.85 0.72 0.72 0.32 0.32 0.53 0.53 0.70 0.70 0.36 0.36
IR 0.67 0.68 0.62 0.61 0.19 0.18 0.12 -0.17 0.19 0.05 029  -0.08
R? 0.44 0.54 0.41 0.42 0.70 0.94 0.42 0.51 0.40 0.42 0.67 0.76
Number of observations 762 762 762 762 762 762 762 762 762 762 761 761

7. Conclusion our BAC factor produces statistically significant six-factor

alpha that is close to orthogonal to other low-risk factors.

The low-risk effect has profound implications for in-
vestors, firms, and capital markets. Can investors benefit
from low-risk stocks if they learn to overcome their biases?
Or are their hands tied by leverage constraints? These
questions are not just academic, as most assets are con-
trolled by institutional investors for which leverage con-
straints are in principle directly observable and changeable,
e.g., for many pension funds and mutual funds. Likewise,
if professional asset managers suffer from sentiment-based
lottery demand such that they change their preference for
stocks based on the returns over the past month, then per-
haps this bias can be alleviated by education.

Further, the low-risk effect impacts firms’ cost of capital
and, hence, possibly their investment decisions and other
corporate behavior. Should firms try to undertake lottery-
like real investments to lower their cost of capital? Or
should they simply add some debt to their balance sheet
(relative to what they would do in the absence of the low-
risk effect)?

We contribute to the literature that seeks to address
these questions in four ways. First, we present new evi-
dence consistent specifically with the theory of leverage
constraints by showing that low-correlation stocks have
high risk-adjusted returns that cannot be explained by
other low-risk factors. Both in the US and internationally,

Second, we present a new factor, SMAX, that captures
the returns to betting against stocks with lottery-like re-
turn distributions. SMAX has positive risk-adjusted returns
in the US, but not globally, as is the case for other idiosyn-
cratic risk factors.

Third, we show that the tightness of margin constraints
predicts the return to systematic low-risk factors, but not
that of the idiosyncratic low-risk factors. On the other
hand, investor sentiment (but not lottery ticket sales or
casino profits) predicts the return to some of the idiosyn-
cratic low-risk factors, but not that of the systematic fac-
tors BAB and BAC.

Fourth, in horse races between the low-risk factors,
systematic low-risk factors tend to outperform idiosyn-
cratic low-risk factors. The outperformance of the system-
atic low-risk factors becomes even more pronounced once
all the low-risk factors are put on a level playing field in
terms of turnover because the idiosyncratic risk factors de-
rive much of their alphas from a short-term effect.

In conclusion, our results suggest that leverage con-
straints, mispricing, and lottery demand all play a role in
the low-risk effect. The results are stronger for leverage
constraints, especially outside the US, consistent with the
underlying equilibrium theory and the fact that these con-
straints are observable for many investors.
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