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LEVERAGE CONSTRAINTS

OR PREFERENCE FOR LOTTERY:
WHAT EXPLAINS THE LOW-RISK
EFFECT IN INDIA?

Abstract

The study empirically investigates two theories that claim to explain the low-risk ef-
fect in Indian equity markets using a universe of stocks listed on the National Stock
Exchange of India (NSE) from January 2000 to September 2018. Leverage constraints
and preference for lottery are two major competing theories that explain the presence
and persistence of the low-risk effect. While the leverage constraints theory argues
that systematic risk drives low-risk anomaly and therefore risk should be measured
using beta, lottery demand theory claims that irrational investor’s preference towards
stocks with lottery-like payofts is responsible for the persistence of the low-risk effect,
and risk should be measured by idiosyncratic volatility. However, given that most of
the risk measures are highly correlated, it is not easy to precisely measure a specific
theory’s contribution to explaining the low-risk effect. The study constructs the Betting
against correlation (BAC) factor to measure the contribution of leverage constraints
to the low-risk effect. It further constructs the SMAX factor to untangle the contri-
bution of lottery preference theory. The results show that leverage constraints theory
predominantly explains the low-risk effect in Indian markets. This study contributes
significantly to the body of literature, as this is the first such study on the Indian market,
one of the major emerging markets, especially when the debate on theories explaining
the low-risk effect is yet to settle.

Keywords betting against beta (BAB), betting against correlation
(BAC), MAX, asset pricing, low-risk anomaly, beta,
idiosyncratic volatility, skewness of returns

JEL Classification G11,G12,Gl4
INTRODUCTION

The Capital Asset Pricing Model (CAPM) predicts a positive relation-
ship between an investment’s risk and its estimated return. However, in
their early tests of the CAPM, Black et al. (1972) report a flat relation-
ship between risk and return in the equity markets. Haugen and Heins
(1975) report an inverse relationship between the stock return and its
volatility. The portfolio of less risky stocks delivers positive alpha, name-
ly, the ‘low-risk effect’. The low-risk effect persists over several years de-
spite investors wanting to earn higher returns at a lower risk. It is prev-
alent across developed and emerging markets and within various asset
classes. The mounting empirical evidence for the presence of low-risk
anomaly and its robustness to different risk measures and market cycles
triggered the wave of studies trying to either explain its existence or ex-
plain it away. To this end, various competing theories based on market
friction, limits to arbitrage, leverage and short-selling constraints and
behavioral biases played their part in explaining the persistence of low-
risk anomaly. While no single theory could explain the low-risk anoma-
ly, two alternative theories, leverage constraints (economic explanation)
and lottery preference (behavioral explanation), have emerged predom-
inantly. The proponents of leverage constraints theory use beta as a risk
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measure, while the proponents of lottery preference theory use idiosyncratic volatility and skewness of
return distribution to capture the low-risk anomaly. Knowing what explains the persistence of the low-risk
effect will provide valuable insight into whether the effect will persist or disappear.

Untangling the low-risk effect drivers is not easy as the risk measures (beta and idiosyncratic risk) are
closely correlated. To address this issue, Asness et al. (2018) focused on decomposing beta and the MAX
variable into its components. They create factors that specifically represent a theory while being unrelat-
ed to the alternate theory. They control for the common element of volatility present in beta and MAX
to create Betting against Correlation (BAC) and SMAX factors, respectively. BAC captures the influence
of leverage constraints theory on the low-risk effect, while Scaled MAX (SMAX) captures the effect of
lottery preference theory. Their study focused on the United States and other developed markets, but did
not cover any major emerging markets, not India.

India is the fifth largest economy with a vibrant equity market with more than 5,000 stocks listed on two
of its major stock exchanges, the Bombay Stock Exchange (BSE) and the NSE. India has been one of the
fastest-growing economies globally and has attracted a significant amount of foreign direct investment
(FDI) and foreign portfolio investment (FPI) since the opening up of the economy in the early 1990s. At
the end of December 2020, the total market capitalization of the Indian market was close to USD 2.5
trillion. Top 100 companies account for close to USD 2 trillion of market capitalization. Foreign port-
folio investors’ ownership in the top 100 companies stood at 25% by December 2020, next to promoters
(48%) and much higher than Domestic Institutional Investors (14%).! Indian equity markets remain a
preferred emerging market for foreign institutional investors. Hence, understanding whether and how
the low-risk effect or any other known factor manifests in Indian markets compared to its developed
and other large emerging markets is vital for global and Indian investors’ community.

With this objective, the study investigates the following questions:
1) Isthe low-risk effect measured by BAB and MAX factor present in the Indian equity markets?

2) How strong is the low-risk effect? Could one or more known factors such as size, value, and short-
term reversal explain it?

3) Betting against Correlation (BAC) vs Betting against Volatility (BAV), which factor explains the BAB?
4) Which theory explains the low-risk effect in India - leverage constraints or lottery preference?

The study finds evidence of the low-risk effect in the Indian equity market using a universe of stocks list-
ed on India’s National Stock Exchange (NSE) from January 2000 to September 2018. The effect is unique,
and none of the established factors can explain it entirely. It delivers positive risk-adjusted returns irre-
spective of the risk measure used to create the low-risk factor (BAB or MAX). However, among the low-
risk factors, the factor representing the leverage constraints theory (BAC) outperforms the other low-
risk factors. The factor representing preference for lottery theory delivers negative alpha in the Indian
market. The authors believe that such a result may be due to price limits in the Indian market, which
controls extreme single-day movement barring a few stocks available for trading in the futures and
options market. The theory of leverage constraints dominates in explaining the low-risk effect in India.

The rest of the paper is organized as follows: Section 1 consists of the literature review, section 2 presents
the data and the empirical model, section 3 presents the results and discussions, and the last section
provides the conclusion.

1 Source: BSE and NSE Websites and CMIE’s Prowess corporate database
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1. LITERATURE REVIEW

Modern Portfolio Theory (Markowitz, 1952) and
CAPM (Sharpe, 1964) establish a positive relation-
ship between systematic risk and expected return;
early empirical evidence from Black et al. (1972)
observe a flatter than the expected relationship
between systematic risk and return. Black (1972)
offers leverage constraints as an explanation for a
flatter than expected risk-return relationship. Black
(1993) shows that these constraints have further
tightened over the years. By constructing the BAB
factor, Frazzini and Pedersen (2014) further extend
the leverage constraint argument in explaining the
excess return of the low-risk effect. They also find
that when leverage constraints tighten, the return
to the BAB factor is low. Systematic risk (beta) as an
explanatory variable of the low-risk effect has sur-
vived decades of out-of-sample tests.

The leverage constraints theory is relatively un-
complicated, for instance, an investor, ideally,
should allocate funds between an optimum risky
portfolio offering the highest reward-to-risk ra-
tio and a risk-free asset and either lend or borrow
funds depending on his risk appetite. Investors
with high expected returns would borrow funds at
a risk-free rate and apply leverage to earn a high-
er return. However, such an ideal world does not
exist. Different markets have different constraints.
First, borrowing rates are always higher than lend-
ing rates, and therefore capital allocation using
leverage comes with a lower reward to risk ratio.
Second, in a market such as India, regulations
do not allow large institutional investors, such as
mutual funds, to use leverage for investing. Such
long-only constraints are prevalent in most devel-
oped and emerging markets, and hence these lev-
erage constrained investors seeking higher return
have no choice but to overweight high-risk stocks
and underweight low-risk stocks in their portfolio.
It leads to overpricing of high-risk stocks, while
low-risk stocks remain underpriced and eventual-
ly results in underperformance of high-risk stocks
and outperformance of low-risk stocks in the sub-
sequent period.

Ontheotherhand, Angetal. (2006,2009) show that
a portfolio of stocks with low idiosyncratic volatil-
ity (IDVOL) delivers high returns, and vice versa.
Barberis and Huang (2008) and Brunnermeier et

50

al. (2007) observe that positively skewed security
can be overpriced and can earn a negative aver-
age excess return. On the same premise, Bali et al.
(2011) develop the MAX factor, where MAX is de-
fined as the maximum return earned by stock over
the previous month. They show that low MAX
stocks” portfolios earn high risk-adjusted returns
and explain the negative relation between IDVOL
and returns, as shown by Ang et al. (2009). They
interpret their findings in the context of a market
with poorly diversified yet risk-averse investors
who prefer lottery-like assets. Bali et al. (2017) find
that IDVOL drives the low-risk effect more than
beta. They show that investors’ demand for lot-
tery-like stocks is an essential driver of the beta
anomaly. The beta anomaly disappears when the
beta-sorted portfolio is controlled for the lottery
demand factor.

Investors across the world have shown a prefer-
ence for lottery-like payoffs. While a mathemati-
cian would never buy a lottery, given its expected
negative payoff, the small probability of winning a
big jackpot attracts a herd of people to buy the lot-
tery regularly. In the world of equities, small ticket
size, weak fundamental stocks with a small proba-
bility of turning around attract investors. They in-
vest in these stocks with an expectation to quickly
make some money. It is not limited to small stocks
only but generally valid for stocks with high idio-
syncratic risk or a recent big positive price move.
Such irrational preferences of investors result in
overpriced lottery-like stocks and their inferior
returns in the subsequent periods.

Further, Baker et al. (2011) state that some part
of the low-beta, low-volatility anomaly can be
explained by institutional investors’ mandates to
outperform the benchmark index, which discour-
ages arbitrage activity in stocks. Stambaugh et al.
(2015) state that the return - IDVOL relationship
is negative among overpriced stocks driven by ar-
bitrage asymmetry with arbitrage risk represented
by IDVOL. Liu et al. (2018) show a positive corre-
lation between beta and IDVOL. They show that
the low-risk effect is present only in overpriced
stocks, and IDVOL drives the effect. Either con-
trolling for IDVOL or excluding overpriced stocks
with high IDVOL renders the beta anomaly in-
significant. To validate these findings, Asness et
al. (2018) examine the alpha of portfolios double

http://dx.doi.org/10.21511/imfi.18(2).2021.05



Investment Management and Financial Innovations, Volume 18, Issue 2, 2021

sorted on mispricing and beta. They show that
stock mispricing explains some portion of the
low-risk effect but not the full effect. As all these
measures of risk are closely related, Asness et al.
(2018) rightly state that the most creditable meth-
od of distinguishing the theories explaining the
low-risk effect is to construct factors that capture
one theory while simultaneously being unrelated
to the alternate theory.

Developed markets are different from emerging
markets, and hence factor returns differ with-
in and across the markets. Factor returns from
Kenneth French data library offer the evidence for
that. It displays the returns from portfolios defined
on three, four and five Fama-French factors® They
compute the factor returns for developed markets
and emerging markets separately. Emerging mar-
kets are different from the developed markets in
terms of the number of companies listed on the
exchanges, their total market capitalization (size),
the composition of large-cap, mid-cap and small-
cap stocks, liquidity, turnover, volume, market
participants - institutional and individuals, and
the risk of continually changing macroeconom-
ic environment. Therefore, one cannot extrapo-
late the observation of a developed market to an
emerging market.

Indian market is an important emerging market
given its growing economy, sophisticated trading
platforms and well-developed large equity mar-
kets with large Foreign Institutional Investors
(FII); it is vital to understand how low-risk effect
in India manifests itself in terms of its strength
and characteristics, and also what explains the
low-risk effect in India.

To this end, following Asness et al. (2018), the study
constructs the BAC, BAV, low-MAX (LMAX), and
SMAX factors. After that, it performs regression
analysis of competing for low-risk factors to un-
derstand the theory that dominates in explain-
ing India’s low-risk effect as none of the studies
has constructed and analyzed these factors in an
emerging market.

The study contributes to the literature in at least
four ways: First, it constructs and analyzes BAB

and MAX portfolios’ performance in the Indian
equity market and offers strong evidence of the
low-risk effect over multiple market cycles. Low-
beta portfolios, the BAB factor and the least MAX
portfolios deliver positive risk-adjusted returns.
Second, the study decomposes the BAB into BAC
and Betting Against Volatility (BAV) factors (fol-
lowing Asness et al., 2018), reports and analyzes
their performance and relative strength. Given
that there is no Indian evidence to this new way of
decomposing BAB, the study offers first-ever evi-
dence in this regard. It finds that both these factors
contribute to the BAB factor, and BAC has similar
characteristics to BAB and supports the theory
of leverage constraints. Novy-Marx and Velikov
(2018) show that the BAB returns are driven by the
non-standard process adopted to construct the
portfolios. To ensure that the results are not driv-
en by the portfolio construction method, the study
computes factor returns using an alternate meth-
od. However, changing the portfolio construction
method does not impact the BAB and BAC factors’
robust returns.

Third, the study analyzes the returns earned by
the MAX factor while controlling for volatility (i.e.
the SMAX factor) and thus studies the contribu-
tion of skewness of returns to the low-risk effect.
It finds that the SMAX factor (which represents
the preference for lottery theory) delivers nega-
tive alpha in the Indian market. Changing the fac-
tor’s turnover period from one month to twelve
months does not change its return, nor its rela-
tionship with other low-risk factors. It may be due
to the presence of daily price limits in the Indian
market, which caps significant single-day move-
ment for most stocks except for the small number
of stocks for which derivative contracts are avail-
able. Fourth, the study performs regression analy-
sis of all the competing factors to understand the
dominant factor that explains the low-risk effect
in the Indian equity market. It finds that BAC out-
performs other factors. Thus, the theory of lever-
age constraints dominates in explaining India’s
low-risk effect. SMAX factor delivers insignificant
alpha, and hence the preference for lottery theory
weakly explains India’s low-risk effect.

This study offers critical insight into how individ-

2 Access factor returns of developed and emerging markets by Kenneth French at https://mba.tuck.dartmouth.edu/pages/faculty/ken.

french/data_library.html
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ual and institutional investors can construct and
execute their low-risk investment strategies to
maximize their potential and earn high risk-ad-
justed returns.

2. DATA AND EMPIRICAL
MODEL

The study covered a total of 2,976 individual stocks
listed on the NSE from January 2000 to September
2018. The number of stocks varies between 732
and 1,398 across the study period, given the stock
selection criteria. Figure 1 provides the descriptive
statistics.

The NSE is a leading stock exchange in India. In
January 2020, NSE’s market capitalization was
approximately USD 2069 billion, with an aver-
age daily turnover of USD 4.7 billion® and 2,354
securities traded on the exchange. The World
Federation of Exchanges (WFE) declared NSE as
the world’s largest derivatives exchange in 2019.
NSE emerged as the world’s largest stock exchange
in 2020 based on the number of contracts traded.
NSE is one of the largest and most active stock ex-
changes in the world.

The stock price’, price-to-book ratio and market
capitalization are from the Centre for Monitoring
Indian Economy (CMIE) Prowess IQ database.

1600
1400
1200
1000
800
60
40
20

o O o o

1-Jan-2000
1-Oct-2000

1-Jul-2001
1-Apr-2002
1-Jan-2003
1-Oct-2003

1-Jul-2004
1-Apr-2005
1-Jan-2006
1-Oct-2006

1-Jul-2007
1-Apr-2008

T

The excess returns are measured as returns above
the 91-day T-bill rate (the risk-free rate, rf). The
risk-free rate is downloaded from India’s Reserve
bank (RBI) website, and NSE 500 index data is
used as a market proxy.

Figure 1 shows the number of stocks included in
the sample from Jan-2000 to Sept-2018. The data is
sourced from the CMIE Prowess IQ database. The
sample stocks are listed on the NSE of India.

The study constructs the BAB factor follow-
ing Frazzini and Pedersen (2014), the BAC, BAYV,
Idiosyncratic risk factor (IVOL), Short term re-
versal factor (ST_Rev), Total Volatility (TVOL),
LMAX and SMAX factors following Asness et al.
(2018), and the size (SML) and value (VMG) fol-
lowing Fama and French (1993).

Beta is estimated as in Frazzini and Pedersen
(2014), where &, and G, are the estimated vola-
tility of the stock and the market returns, respec-
tively, and p is their estimated correlation. Thus,

beta is:
[ ol
ﬁ[ zp( 5 j.
om

Individual stock’s beta is shrunk towards their
cross-sectional mean following Vasicek (1973) to
account for extreme beta estimates due to biases
and noise:

@

D OO O <4 N N N g N N O N~ 0 0
O O o o o A o o o o oA A
o O O O O O O O O o o o o o
Ay qga
S8 555 8 3685583585 ¢5 8
A U RIS
— - — —

H No. of stocks

Figure 1. Descriptive statistics

3 USD 1 = INR 75 (rupees) # The stock’s close price is adjusted for dividend, stock split, rights, bonus, and other management actions.
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ﬂzwiﬂi—i_(l_wi)ﬂm’ (2)
where ﬁ is the shrunk beta, f3, is the stock beta us-
ing its time series of returns, [3m is the market beta,
w,and (1-w) > 0, assuming w, = 0.6 and 8= 1.

The BAB factor is calculated using equation (3):

BAB =1 = (it ) (). O
t t

The study constructs the BAC factor using the fol-
lowing steps. First, the stocks were sorted based
on volatility to create volatility quintile portfoli-
os, and then, within each quintile, it ranks stocks
based on their previous month-end correlation
with the market to create quintile portfolios. It
follows a weighing scheme wherein the stocks
with lower correlation have higher weightage in
the low-correlation portfolio, and stocks with
higher correlations have higher weightage in the
high-correlation portfolio. The BAC factor with-
in each volatility quintile portfolio is a long-
short portfolio with a long, low-correlation, short
high-correlation portfolio. It uses equation (3) to
calculate each BAC quintile portfolio return. The
overall BAC factor return for a given month is the
five BAC factors’ simple average as in equation (4).
BAC 19 BAC(q)
T = _Zrtﬂ : )
55

The same method is used to construct the BAV fac-
tor. In this case, the stocks are sorted first on their
correlation to the market returns, and then with-
in each quintile, rank-based portfolios are created,
sorting on the volatility of the stock’s returns.

Fama and French (1993) use the median of
NYSE-listed stocks as the size break-point to
construct the size and value factors. However,
this study takes the 90" percentile of total mar-
ket capitalization as the size break-point for the
Indian market (Agarwalla et al., 2013). Every
month, the stocks are divided into two size
buckets - large-cap bucket (LC) and small-cap
bucket (SC). Within each size bucket, the char-
acter-specific break-point is the 30™ and the
70" percentile. It creates three portfolios within
each size bucket. The stocks are value-weighted
within a given portfolio.

http://dx.doi.org/10.21511/imfi.18(2).2021.05

The character-specific break-point for VMG is the
price-to-book ratio, for ST_Rev is a stock’s one-
month return, for IVOL is the stock’s idiosyncrat-
ic risk. Idiosyncratic risk is the residual volatility
from the regression of the stock’s daily returns
over a month and the market returns. The study
follows Bali et al. (2011) to construct the MAX var-
iable, where MAX is the average of the five high-
est daily returns over the previous month. MAX1y
is the average of the twenty highest daily returns
over the previous 12 months. Smax is MAX scaled
by the stock’s volatility. SMaxly variable is based
on volatility-scaled MAX returns over the one-
year look-back period. All the factors related to
idiosyncratic risk go long on low-risk stocks and
short on high-risk stocks.

3. RESULTS
AND DISCUSSION

3.1. Performance of beta-sorted
portfolios and the BAB factor

Table 1 shows excess returns, the CAPM alphas
and the three-factor Fama-French model alphas
(3F) of the beta-sorted decile portfolios and the
BAB factor. Portfolio risk increases from P1 to P10.
The monthly average excess return of P1 is 1.03%,
while that of P10 is —0.58%, and their alphas are
economically and statistically significant. The
Sharpe ratio of P1 (0.69) is higher than that of the
market index (0.17). The ex-ante and ex-post be-
tas of the portfolios are nearly the same. The BAB
factor’s excess return is 1.13% per month, while
alphas are positive and statistically significant. By
construction, the ex-ante beta of the BAB port-
folio is zero. The ex-post beta is negative. Despite
the significant loading on the size factor, the BAB
intercept is very strong. The BAB factor in India
has a tilt towards growth stocks, while in the de-
veloped markets, it has a tilt towards value stocks.
The Sharpe ratio of BAB is more than five times
that of the market index, while the volatility is
comparatively less.

Table 1 reports calendar-time portfolio returns
from January 2000 to September 2018. It reports
the monthly average excess return, alphas, their
t-statistics, ex-ante beta, ex-post beta, volatility,
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Table 1. Performance of beta-sorted portfolios and BAB

Source: Author’s calculations.

RISka?'\:?y:?stum (IowP;eta) P2 P3 P4 PS Pé P7 P8 P9 (higphlboeta) BAB Nllf:z:)? ’
Excessreturns @ 1.03 038 : 074 @ 070 : 052 : 033 i 070 :-0.05: 0.11 -0.58 113 © 036
CAPMalpha . 0.82 014 . 052 043 . 023 007 . 040  -032 -013 . -076 . 1.26 -
tstat . 348 050 188 166 : 097 026 . 158 -119.-038 00 428 -
3Falpha . 079 | 015 047 033 020 003 033 1.25 -
tstat . 344 063 172 137 084 012 4.28 -
‘Beta(exante) | 059 067 072 076 080 084 . 0.00 -
‘Beta(ex-post) | 057 . 065 068 086 093 088 ~0.05 -
Volatlity | 1906 | 20.80 2264 2568 2681 2629 1530 . 2571
Sharperauo e R U S T o e
P oo PO o -
R R S o -
ML 017 008 0. . . 0.18 -
tstat . 306 134 124 031 147 -0.83 259 -
VMG . -008  -0.09 006 026 003 014 012 -
st 150 | -164 094 471 046 @ 235 ~1.82 -
R . 061 065 06l 077 079 074 004 -

Note: Bold indicates 5% statistical significance.

Sharpe ratios, factor loadings with their t-statis-
tics, and R-squared of beta-sorted portfolios. The
stocks are value-weighted within a given portfolio.
Column titled BAB reports the same statistics for
the BAB factor. The rightmost column shows the
excess market returns. t-statistics are shown below
the coeflicient estimates.

3.2. Systematic risk: BAB, BAC and BAV

3.2.1. Decomposing beta into correlation
and volatility

The study segregates BAB returns into two fac-
tors - BAC and BAV. BAC factor goes long with
a low correlation to the market and shorts those
with high correlation while seeking to match
the bought and sold stocks’ volatility. Because
stocks with lower market correlation have lower
market betas when holding volatility constant,
the study expects BAC to behave just like BAB,
thus explaining the theory of leverage con-
straints. BAC, already controlled for volatility,
is not closely associated with idiosyncratic vola-
tility. BAV goes long and short based on volatil-
ity seeking to match correlation. BAV is closely
associated with volatility since it is controlled
for correlation.

o4

3.3. Double sorting by the volatility
of stock returns and their
correlation with the market index

Before constructing the BAC and BAV, the study
double sorts the stocks to analyze the returns from
one variable while controlling for the other. Table
2 shows the results of these 5 x 5 quintile portfoli-
os, first sorted on stock’s volatility and then sorted
on the stock’s correlation to the market. Portfolio P1
consists of stocks with the lowest volatility and cor-
relation, and as one progresses to portfolio P5, the
correlation increases. Similarly, as one progresses
from portfolio A to E, volatility increases. The the-
ory of leverage constraints suggests that stocks with
high betas have low alphas. The high beta of these
stocks indicates their high correlation with the mar-
ket. According to the theory of leverage constraints,
stocks with a higher correlation to the market should
have high beta and deliver lower alphas. Panel B of
Table 2 displays the risk-adjusted returns of the port-
folios. In most of the observations, the 3F alpha de-
creases with an increase in volatility and correlation.
The 3F alpha of P1A is 0.87%, while that of P5E is
-1.72%. Both are statistically significant. Panel A re-
ports ex-post betas of these portfolios. Beta tends to
increase with an increase in volatility and correla-
tion. It is essential to this study as one needs to know

http://dx.doi.org/10.21511/imfi.18(2).2021.05
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whether ex-ante estimates predict ex-post measures
of risk. As seen in Panel A, ex-post CAPM beta does
increase with both ex-ante volatility and correlation.
It implies that arranging stocks on their ex-ante vol-
atility and correlation also arranges them on ex-post
beta and a stock’s correlation to the market.

Table 2. Correlation vs volatility: Risk-adjusted
returns and beta

Source: Author’s calculations.

Panel A. CAPM beta

Conditional sort on the correlation

Riskanalysis P1(low). P2 P3 . P4  P5 (high)
> - * * H H H
2 A(ow) | 061 0. : ©1.29
o B 061 i1.38
5 D 0.62 11.00 i {135
 E(high) 077 105 126154 166

Panel B. 3F alpha

Conditional sort on the correlation

Return i P1 P2 P3 Pa P5

: analysis  (low) ' :
. Aflow) 087 004 092 -050
fstat P 2.09 §—o.89 .
Z B 049 | 037 035 -0.84. 024
2 c 027 012 1.00 §—0A44 -0.56
. D | 052 -010 —0.58
fstat 168 §—o.31 §—1.49
E (high) 0.06 §—o.14 §—o.76 §—o.7o :
tstat 041 053 222 175

Note: Bold indicates 5% statistical significance.

Table 2 reports the properties of portfolios of
stocks sorted first on the stock’s volatility and
then within volatility quintile re-sorted on the
stock’s correlation with the MKT. Panel A reports
the CAPM beta. Panel B reports the three-factor
alphas. Alphas are monthly percent, and t-statis-
tics are below the coefficient estimates.

3.3.1. Interaction of BAB with its components:
BAC and BAV

The study analyzes the extent of each long-short
factor’s contribution to decompose the BAB fac-
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tor - BAC and BAV. Table 3, Panel A, reports the
correlation of BAB, BAC, and BAV. BAB is more
correlated with BAC than BAV. Also, BAC and
BAV are negatively correlated. Table 3, Panel B,
displays a regression of the BAB factor on the BAC
factor and the BAV factor. It shows that both BAC
and BAV play a role in delivering returns to the
BAB factor. The regression coefficient of BAC on
BAB is 0.74 and on BAV is 0.58. The R-squared of
the regression is 86%, while the intercept is zero.
The two components very well explain the BAB
factor.

Table 3. Disintegrating BAB into its components:
The BAC and BAV factors

Source: Author’s calculations.

Panel A. Correlation

BAB BAC BAV
BAB —

~ BA
Panel B. Regression

Key metrics BAB
Intercept 0.00
eetat PR
erc o
estat e
BAV 058
t-stat 5808
i 0.86

Note: Bold indicates 5% statistical significance.

Table 3 reports the result of the correlation of BAB,
BAC and the BAV factors in Panel A. It also re-
ports the result of a regression of the BAB factor
on the BAC and the BAV factors in Panel B. t-sta-
tistics are shown below the coefficient estimates.

3.3.2. Performance and coefficients
of BAC and BAV

Further, the study analyzes the performance of the
BAC and the BAV factors exclusively. Table 4 re-
ports the returns and the regression coefficients of
the BAC factor and its components. The alphas of
all the BAC quintiles and the main BAC factor are
statistically significant, and they weigh heavily on
the size factor. The main BAC factor has a negative
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loading on the value factor, just like the BAB factor
in Table 1. BAC significantly correlates with BAB
and displays similar characteristics to BAB. As cor-
relation is closely related to systematic risk when
controlled for volatility, BAC perfectly represents
the BAB factor. Therefore, BAC also captures the
theory of leverage constraints explanation for the
existence of the low-risk effect, just like the BAB.
The 3F alpha of the BAC factor is economically and
statistically significant, indicating that it is a unique
factor, separate from other established factors.

The study also analyzes the BAV factor’s perfor-
mance and its building blocks (see Appendix A
Table Al). The noticeable difference between BAC
and BAV is in the loading on the size factor. BAV
picks large-cap stocks, while BAC picks small stocks,
both delivering significant alphas. This observation
is consistent with Joshipura and Peswani’s (2017)
findings that low-risk portfolios pick large size and
growth stocks to deliver high alphas.

Table 4. Betting against correlation (BAC)

Source: Author’s calculations.

a:?;:ils %BAC 1 BAC 2 BAC3 BAC 4 BAC5§ BAC
Excessreturns | 063 | 0.64 | 119 @ 114 = 188 |
'CAPM alpha 074 073 121 134 228
Ctstat 261 197 316 | 262 301
MKT 003 009 024 015 027 0.14
Ctstat -088 | 190 458 | 219 | 265 288
Ex-post beta 1003 | 009 024 | 015 | 027 014
R? 000 002 009 | 002 003 | 0.04
Sharperatio | 053 - 041 © 074 | 055 = 064 079
3Falpha 064 050 093 089 149 113
Ctstat 263 0 170 290 | 194 244 372
MkT 1005 004 014 002 & 006 004
Ctstat 1136 | 096 303 | 029 068 102
Y 052 082 068 067 088 075
Ctstat 884 1144 871 | 602 593 1016
wWwe -0.38 -045 -0.22 —009 -003 —023
Ctstat 683 666 -3.00 -089 -0.23 7328
R? 1028 038 033 019 | 021 036

Note: Bold indicates 5% statistical significance.

Table 4 reports the BAC factor’s performance
in each volatility quintile, along with the
equal-weighted average of these factors, which
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is the main BAC factor. Alphas are the intercept
in a regression of monthly excess return against
the explanatory variables - MKT, SML and VMG.
Alphas and Sharpe ratios are reported on a month-
ly and annualized basis, respectively. t-statistics
are shown below the coefficient estimates.

3.4.Unsystematic risk: LMAX, SMAX
and IVOL

3.4.1. Performance of the MAX factor
in the Indian equity market

Bali et al. (2011) developed the MAX factor to
capture the demand for lottery-like payoff stock
returns. There is no study on the performance
of the MAX factor in the Indian equity market.
Therefore, this study examines the performance of
the MAX factor in the Indian equity market. Table
5 shows the results of the decile portfolios created
by sorting on MAX. P1 comprises stocks with low
MAX, while portfolio P10 comprises stocks with
the highest MAX. The study observes that the
lowest MAX portfolios’ monthly average excess
return is 0.79%, and its alphas are economical and
statistically significant. The ex-post beta and vola-
tility increase from P1 to P10. The Sharpe ratio is
highest for P1 and least for P10. These findings re-
veal that demand for lottery-like payoft stocks may
contribute to the low-risk effect in India.

Table 5 shows the returns of the decile portfolios
of stocks sorted by MAX. Excess returns of these
value-weighted portfolios are over and above the
risk-free rate. Alphas are the intercept in a regres-
sion of monthly excess return against the explana-
tory variables - MKT, SML and VMG. Alphas and
Sharpe ratios are reported on monthly and annu-
alized basis, respectively. t-statistics are shown be-
low the coefficient estimates.

3.4.2. Double sorting by the MAX variable
and the volatility of stock returns

A stock can have a high MAX return due to its vol-
atile returns, or its return distribution is positively
skewed. To isolate the skewness effect that repre-
sents lottery demand, Asness et al. (2018) devised
the SMax variable. SMax isolates a stock’s realized
return distribution and captures the feature of lot-
tery demand. An unconstrained investor seeking
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Investment Management and Financial Innovations, Volume 18, Issue 2, 2021

Table 5. Performance of portfolios sorted by MAX

Source: Author’s calculations.

Returnandriskanalysis | P1 ¢ P2 { P3 { P4 ¢ P5 | P6 : P7 ¢ P8 | P9 P10
Excess returns {079 ¢ 036 ¢ 014 i -018 ¢ 021 044 i 042 { -010 i 017  -1.06
CAPMalpha . 054 008 013 ' 046 -008 014 017 . 034 -003  -106
st 2230040 8 7053 ¢ -8 ¢ 7030 ¢ 053 f 052 @ 7098 @ -007 : 192
3F alpha 0.48 003 | -017 | -051 | -020 | 0.02 009 | -045 i -0.15 @ -1.33
estet o .......202 017 071 @ -200 -087 . 005 028 . -144 042 = =300
Ex-post beta 0.71 0.79 0.87 0.92 0.96 1.09 1.23 1.27 1.44 1.30
Volatility 2219 | 2282 | 2581 | 2715 | 2817 . 3129 | 3577 | 3716 | 42.14 | 43.84
‘Sharperaio . 045 . 019 . 007 = -008 . 009 . 017 . 015 . -003 . 005 . -027

Note: Bold indicates 5% statistical significance.

lottery-like returns can apply leverage to build a
portfolio of stocks with low volatility and high
scaled MAX. Table 6 shows the CAPM alphas of
5 x 5 portfolios sorted first on the stock’s volatility
and later on SMax. The study observes that in the
Indian equity market, the alpha of P1A is not sta-
tistically significant, nor does it display any per-
formance trend. This observation communicates
that MAX gets its return due to the stock’s vola-
tility. When controlled for volatility, low SMax de-
livers a positive but statistically insignificant alpha.

Table 6. Performance of portfolios sorted by
SMax and Volatility

tor and analyzes its performance. Although Table
5 suggests that MAX earns its alpha from stock’s
volatility and skewness of its returns, the study
decomposes LMAX factor into SMAX factor and
Total Volatility (TVOL) factor. Table 7 shows the
result of the regression of LMAX on SMAX and
TVOL factors. The study observes that the regres-
sion of LMAX on SMAX and TVOL explains 91%
of the relation. Both TVOL and SMAX combine to
explain the LMAX factor.

Table 7. LMAX as SMAX and TVOL

Source: Author’s calculations.

Key metrics LMAX
Conditional sort on SMAX Intercept
_Pl(low). P2 P3 . P4 P5(high)  tstat
CAflow) | 037 038 -007 —0.21 SMAX
- bstat 1.25 1.03 i-0.18 {-0.31 3 tstat
£ B 040 =070 ' -0.17 =071 : -009  TVOL .
& tsta 141 217 -046 -151 : -014 tstat
2 ...c 054 =015 -053 -064 -042 = R
‘S S b T T i s Note: Bold indicates 5% statistical significance.
g b -0.13  -029 = 017 @ 041 |
Lo bstat 7050 D088 1 045 1 082 ¢ Table 7 reports the regression results of the LMAX
.E (high) 018 0210390907 ..7922 . factor on the SMAX and the TVOL factors. t-sta-
t-stat 0.70 ¢ 075 ¢ 1.07 : 0.18 : -0.49

Table 6 reports the CAPM alphas of 5 x 5 port-
folios sorted first on volatility and later on SMax.
Alphas are monthly percent, and t-statistics are be-
low the coeflicient estimates.

3.4.3. Decomposing LMAX into SMAX and TYOL

The study observed that MAX delivers positive
and significant alpha in the Indian stock market.
However, the bivariate analysis of volatility and
SMax delivers positive but insignificant alphas for
P1A. The study further constructs the LMAX fac-
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tistics are shown below the coefficient estimates.

3.4.4. Performance and factor exposure
of IDVOL factors

Table 8 shows the performance and factor expo-
sure of the idiosyncratic risk factors controlling
for the market, size, value, and short-term rever-
sal factors. The study observes that in the Indian
equity market, SMAX delivers negative alpha. The
SMAX shows substantial factor exposure to short-
term reversal factor (ST_Rev). The controlling fac-
tors” explanation power increases from 5% to 55%
after the inclusion of the ST_Rev factor on the re-
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Table 8. The IDVOL risk factors

Source: Author’s calculations.

Key metrics IVOL IvOoL VoL
APha 071 . 076 . 079
stat 281 1.324..0.32

MKT -0.47 -0.44 -0.44
Estat 1380 1240 | 1248
t-stat - -4.66 —4.66
MG ~...008 008
t-stat - 1.45

STREY e T T O80T 025 s
Sharpe ratio -0.25 -0.25 0.19 0.19

T P e . o

Note: Bold indicates 5% statistical significance.

gression’s right-hand side. The loading of SMAX
and LMAX on ST_Rev is by construction as these
factors short stocks with an average of high re-
turns on highest gain days. The IVOL (idiosyn-
cratic volatility) factor has insignificant loading on
ST_Rev, and including it on the right-hand side of
the regression hardly changes the alpha. The per-
formance of LMAX and IVOL is nearly the same,
while the Sharpe ratio of IVOL is higher than the
LMAX factor. Both factors pick large-cap value
stocks in their portfolios. However, a comprehen-
sive look at the Sharpe ratios of all these factors in-
dicates that they are all low. Thus, SMAX delivers
negative alpha among the IDVOL risk factors, but
LMAX and IVOL deliver positive and significant
alphas.

Table 8 shows alphas and factor loadings of SMAX,
LMAX and IVOL factors on the control varia-
bles - MKT, SML, VMG and ST_Rev. Alphas and
Sharpe ratios are reported on monthly and annu-
alized basis, respectively. t-statistics are shown be-
low the coefficient estimates.

The study also changes the duration over which
the characteristics of the idiosyncratic risk factors
is estimated. It re-calculates the returns earned by
LMAX and SMAX using one-year characteristics
of MAX rather than one month to observe any
change in results. This exercise is done to have a
like-for-like comparison of systematic risk factors
and unsystematic risk factors as the duration of
the characteristics over which BAB and BAC are
computed is one to five years, while that of LMAX
and SMAX is one month. A high turnover means
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these factors are more sensitive to microstruc-
ture changes and thereby have a high trading cost.
Although the study includes ST_Rev factor to cap-
ture some of these issues, constructing more sta-
ble characteristics-based factors helps in a careful
comparison of these factors. However, the study
observes that changing MAX variable character-
istics does not contribute to the alpha of these fac-
tors (see Appendix B Table Bl).

3.5. A performance marathon

3.5.1. A performance marathon based
on published factors

The analysis so far shows that the two explanations
to the low-risk effect share a common element re-
lated to volatility and have a distinct element re-
lated to correlation and the skewness of the return
distribution. It suggests that in the Indian equity
market; the factor representing the theory of lev-
erage constraints (BAC) is more robust than the
factor representing the theory of demand for lot-
tery stocks (SMAX). To further gauge the separate
power of these factors, the study regresses each
systematic and idiosyncratic risk factor on a con-
tending factor along with the 3F model and the ST _
Rev factors. Table 9 reports the results. BAB, BAC
and BAV have positive and significant alphas even
after controlling for the 3F model, ST_Rev, LMAX
and IVOL. It communicates that a combination of
idiosyncratic risk factors, the 3F model, and the
ST_Rev factor does not fully explain the low-risk
effect. The alpha of BAC is higher than that of BAB
and BAV. As BAC, by construction, is less correlat-
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Table 9. Performance marathon among published factors

Source: Author’s calculations.

Key metrics : BAB : BAC : : SMAX IVOL
Mppa 072 076 06 010 . 005 0.27
t-stat 2.90 2.58 . 0.29 1.24
MKT L.025 02 005 - 0.06 ~0.42
Lstat TR U S S SO .. 274 ~13.85
SML 0.34 0.85 K 0.07 -0.36
S 546 ALES 627 179 ~6.96
t-stat -3.49 -3.83 -0.58 2.75
STRSV 7030 2022 035 0.14
t-stat -5.10 -3.21 -2.30 3.22
BAB S TOOO OO OTOOOOOINS UUUOURN e sesoo SOOI SOOI et tootod TR RN ossbecoo PN SN oas
LMAX 0.46 0.41 - - -
S 39T 247, - - -
YL e ————— s 022 - - -
t-stat 1.44 1.30 - - -
Sharperatio 095 035 008 025 019
R? 0.35 0.55 0.65 0.57 0.65

Note: Bold indicates 5% statistical significance.

ed with other factors, it is likely to have a higher al-
pha. BAC has an insignificant loading on LMAX.
Thus, BAC is a unique factor different from idio-
syncratic risk factors.

The results in Table 8 suggest that LMAX and
IVOL have significant alphas even after con-
trolling for the 3F model and ST _Rev factor.
However, in Table 9, when these factors are con-
trolled for BAB, their alphas turn insignificant.
These results suggest that BAB motivates the
alpha of these factors. It is not surprising that
the SMAX factor’s alpha does not change, as it is
already negative and insignificant in the Indian
market (see Table 8).

Table 9 reports the result of regressing each con-
tending low-risk factor on another, as well as
other variables. Alphas and Sharpe ratios are re-
ported on monthly and annualized basis, respec-
tively. t-statistics are shown below the coefficient
estimates.

3.5.2. Constructing all factors using
the Fama-French methodology
and the rank-weighted methodology

The study constructs BAB, BAC and BAV factors

based on a unique risk-weighted method based on
Asness et al. (2018), whereas SML, VMG, LMAX,
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SMAX, and IVOL factors are constructed using
the Fama and French (1993) method.

The study further constructs all the factors using
the Fama-French method and again using the
rank-weighted method to have an apple-to-apple
comparison. Constructing all the factors using
the same portfolio construction method helps ob-
serve whether the method of portfolio construc-
tion influences the explanation power of the fac-
tors and the control variables and whether the re-
sults differ significantly. Table 10 shows the results.
The study observes that BAB, BAC, and BAV have
positive and significant alphas after controlling for
the 3F model, ST _Rev and the LMAXI1Y factors
using the Fama-French method. Thus, it rejects
the claim that the beta anomaly disappears when
controlled for the lottery demand factor (Bali et
al.,, 2017). Although LMAXIY strongly explains
the BAB return, BAC loads comparatively less on
LMAXI1Y. Along with SMAX and SMAXI1Y, the
alphas of LMAX, and IVOL turn negative and in-
significant on controlling for the BAB factor.

Table 10 shows the results of regressing compet-
ing factors constructed following the Fama and
French (1993) methodology. Alphas and Sharpe
ratios are reported on monthly and annualized
basis, respectively. t-statistics are shown below the
coeflicient estimates.
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Table 10. Performance marathon among factors constructed using the Fama-French method

Source: Author’s calculations.

Key metrics BAB LMAX SMAX SMAX1Y IVOL
Alpha 0.86 013 i 0.00 -0.40 0.31
. t 329 i 4

-0.55 . . -0.12
,,,,,,,,,,, DY ST B B SR B S
...7019 005 004 013 -042 016 0.9

-3.09 . . . : . -1.95
,,,,,,,,,,, _013 T T RPCr SR B e

221 4.96

-0.18 0.36
,,,,,,,,,,, 321 =309 8.93

- 0.60
B 12.46
012 012 041 041 | 020 020 | 008
0.63 0.71

Note: Bold indicates 5% statistical significance.

As the Fama-French method makes all its factors
size-neutral, the study controls all the rank-weight-
ed factors for size. The results from constructing
factors using the rank-weighted method are simi-
lar to Table 10, but the alphas of LMAX and IVOL

tor. The factor primarily constructed to capture
the demand for lottery-like payoft again delivers
insignificant alpha with or without controlling for
BAB (see Appendix C Table Cl). It implies that a
change in the method of factor construction does

remain robust after controlling for the BAB fac- not influence the result.

CONCLUSION

The study concludes that both BAB and MAX factors offer significant alpha adjustments for all
major factors, and hence both systematic risk and idiosyncratic risk contribute to the low-risk ef-
fect in Indian markets. The returns of these factors are robust even after controlling for established
factors like market, size and value. Both BAC and BAV combine to explain the BAB factor. But the
characteristics of BAC are similar to BAB and thus it efficiently represents the theory of leverage
constraints just like the BAB. It further shows that the BAC has high risk-adjusted returns. Though
the low-MAX factor delivers positive returns, when controlled for BAB, the returns turn insignif-
icant. The SMAX factor, constructed to represent the theory of demand for lottery stocks, fails to
produce statistically significant returns. Even changing the characteristics of the idiosyncratic risk
factors does not contribute to the alpha of these factors. In a performance marathon among the
low-risk factors, systematic low-risk factors beat the idiosyncratic low-risk factors. Their perfor-
mance becomes more pronounced when all the factors are constructed using the same method. The
results are in line with Asness et al. (2018), the global sample, and different from the US sample.
The theory of leverage constraints is a dominant theory driving the low-risk effect and not the pref-
erence for the lottery. Not that Indian market participants do not show a preference for lottery-like
payoffs, but stock level daily price limits (called circuit breaker) do not allow extreme daily moves
for most stocks, except for a small number of stocks for which derivative contracts are available.
Constructing lottery demand factor differently to capture the impact of daily price limits may of-
fer further evidence. The results of this study add further evidence to Asness et al’s (2018) work,
which itself is not conclusive as it offers different evidence of theory explaining the low-risk effect
in the US and developed global markets. Thus, the low-risk effect is here to stay in the Indian eq-
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uity market unless regulatory bodies change the mandates for availability of leverage in the hands
of investors. Thus, the study confirms that Indian investors face extreme leverage and short-selling
constraints like most other markets, and the leverage constraints theory drives the low-risk effect

in Indian markets.
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Note: Bold indicates 5% statistical significance.

Table A1 reports the performance of the BAV factor in each volatility quintile and the equal-weighted
average of these factors, which is the main BAV factor. Alphas are the intercept in a regression of month-
ly excess return against the explanatory variables - MKT, SML and VMG. Alphas and Sharpe ratios are
reported on a monthly and annualized basis, respectively. t-statistics are shown below the coefficient

estimates.
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APPENDIX B

Table B1. LMAX and SMAX based on yearly look-back periods, namely LMAX1Y and SMAX1Y

Investment Management and Financial Innovations, Volume 18, Issue 2, 2021

Source: Author’s calculations.
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Note: Bold indicates 5% statistical significance.

Table Bl reports alphas from the regression of LMAX1Y and SMAXI1Y factors on the explanatory var-
iables - MKT, SML, VMG, ST_Rev, and BAB. Alphas and Sharpe ratios are reported on a monthly and
annualized basis, respectively. t-statistics are shown below the coefficient estimates.

APPENDIX C

Table C1. Performance marathon among factors constructed using the rank-weighted method

Source: Author’s calculations.
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Note: Bold indicates 5% statistical significance.

Table C1 reports the regression results of all factors constructed using a rank-weighted methodology.
Alphas and Sharpe ratios are reported on monthly and annualized basis, respectively. t-statistics are
shown below the coefficient estimates.
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