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Shilpa Peswani (India), Mayank Joshipura (India)

THE VOLATILITY EFFECT
ACROSS SIZE BUCKETS:
EVIDENCE FROM THE INDIAN
STOCK MARKET

Abstract

The portfolio of low-volatility stocks earns high risk-adjusted returns over a full mar-
ket cycle. The annual alpha spread of low versus high-volatility quintile portfolios is
25.53% in the Indian equity market for the period from January 2000 to September
2018. The low-volatility (LV) effect is not an overlap of other established factors such as
size, value or momentum. The effect persists across various size buckets (market capi-
talization). The performance of the low-volatility effect within various size buckets is
analyzed using three different portfolio formation methods. Irrespective of the method
of portfolio construction, the low-volatility effect exists and it also generates economi-
cally and statistically significant risk-adjusted returns. The long-short portfolios across
the study deliver exceptionally high and statistically significant returns accompanied
by negative beta. The low-volatility effect is not restricted to small or illiquid stocks.
The effect delivers the highest risk-adjusted returns for the portfolio consisting of large-
cap stocks. Though the returns of the portfolio comprising of large-cap LV stocks are
lower than the returns of the portfolio comprising of small-cap LV stocks, its Sharpe
ratio is higher because of less risky nature of large-cap stocks as compared to small-cap
stocks. The LV portfolio majorly comprises large-cap, growth and winner stocks. But
within size buckets, large-cap and mid-cap low LV picks growth and winner stocks,
while small-cap LV picks value stocks.

Keywords low volatility effect, low-risk investing, low-risk effect,

size factor, CAPM alpha

JEL Classification  Gi1, G12, G14, G15

INTRODUCTION

India is the world’s third largest economy in terms of purchasing power
parity. According to Asian Development Bank (ADB), it is the world’s
fastest growing major economy with 7.3% growth rate in 2018-2019. Its
progress is buttressed by dynamic reforms in the macroeconomic, fiscal,
tax and business environments. It is seeking to achieve better growth by
reshaping the policy approaches to human development, social protec-
tion, financial inclusion, rural transformation and infrastructure devel-
opment. It is the dominant economy in the South Asia sub-region with
its growth gaining momentum. Foreign Portfolio/ Institutional Investors
(FPI/FII) have been one of the biggest drivers of India’s financial mar-
kets and have invested around USD 172 billion in India between FY02-
18. Highly developed primary and secondary markets have attracted the
FIIs/FPIs in India. They are regulated by Securities Exchange Board of
India (SEBI). Even the Indian mutual fund industry has shown an expo-
nential growth in investment since 2003 (see Figure 1).

FIIs are investing in India via hedge funds, foreign mutual funds, sov-

ereign wealth funds, pension funds, trusts, asset management com-
panies, endowments, university funds, etc. In March 2019, the Initial
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Source: Association of Mutual Funds in India (AMFI).
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Figure 1. Indian mutual fund industry — assets under management

Public Offering (IPO) of India’s first real estate investment trust (REIT) was subscribed 2.6 times. In
February 2019, FPI in India reached USD 2.49 billion. A report filed by a panel appointed by SEBI on
December 4, 2018 has proposed direct overseas listing of Indian companies and other regulatory chang-
es. It relaxed the Know-Your-Client (KYC) requirement for FPIs. It is also proposed to allow non-resident
Indians (NRISs) to invest through FPI route in commodity derivatives. FIIs investments have been strong
and are expected to continue to improve going forward. Mr. Mark Machin, CEO, Canada Pension Plan
Investment Board, has expressed confidence in the Indian equity market and stated that the country is
one of the best investment destinations based on its demographic growth, increased productivity and
long-term economic growth potential. The National Stock Exchange (NSE) is a leading stock exchange
in India. It is the fourth largest in the world by equity trading volume. In May 2019, NSE has a market
capitalization of USD 2.2 trillion, an average daily turnover of USD 5189.67 million and the number of
companies listed is 1,942. These facts demonstrate the robustness and liquidity of the exchange.

NSE has broad-based, sectorial, thematic and strategy indices. Nifty 100 Low-Volatility 30, Nifty Alpha
Low-Volatility 30, Nifty Alpha Quality Low-Volatility 30, Nifty Quality Low-Volatility 30, Nifty Low-
Volatility 50 are few of the strategy indices. These indices are based on the Low-Volatility (LV) effect.
These indices have generated decent returns since their inception in 2003-2004 (see Figure 2).

Comparison of Nifty Low-Volatility 50 Index and Nifty 50 Index
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Figure 2. Comparison of returns from Nifty Low-Volatility 50 Index and Nifty 50 Index
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These pieces of evidences and discussions motivate us to study the Indian equity market to find the ex-
istence of the low-risk effect. For the study, the Indian equity market is represented by stocks listed on
the National Stock Exchange (NSE). The period of the study is from January 1997 to September 2018.
The study explores the presence of low-volatility effect and its robustness within and across various size
buckets and also after controlling for established factors like size, value and momentum.

The objectives of the study are:

1. To find evidence for low-volatility effect in the Indian stock market.

2. To evaluate the characteristics and strength of the low-volatility effect in the Indian stock market.

3. To test the strength and robustness of the low-volatility effect within and across various size buckets
(market capitalization) of large-cap, mid-cap and small-cap.

We study the returns of equally-weighted portfolios to meet the objectives mentioned above. We estab-
lish the following: (a) low-volatility (LV) effect delivers economically and statistically significant risk-ad-
justed returns, (b) LV often picks growth and winner stocks, (c) the long-short portfolios across the
study deliver exceptionally high and statistically significant returns accompanied by negative beta, (d)
the LV effect is not restricted to small or illiquid stocks, (e) LV delivers the highest risk-adjusted returns
for the portfolio consisting of large-cap stocks, (f) irrespective of the method of portfolio construction,
the LV effect exists and it also generates economically and statistically significant risk-adjusted returns.

The paper is organized as follows. Section 1 presents the literature review. Section 2 discusses data and
methodology. Section 3 discusses the empirical findings of the study and final section concludes and

defines the future scope of the study.

1. LITERATURE REVIEW

The Efficient Market Hypothesis is defied by im-
plementing relatively simple investment strate-
gies like value, size and momentum. These simple
strategies are found to deliver significantly high-
er returns than benchmark indexes. Market effi-
ciency is even flouted if any simple strategy de-
livers similar returns, but at a systematically low
risk. One such strategy is the low-volatility effect.
Low-volatility effect indicates that over a period,
less risky investments deliver higher risk-adjust-
ed returns than more risky investments. The ef-
fect was first documented by Haugen and Heins
(1975). They found that systematic investment in
a portfolio of low-volatility stocks over a period
from 1926 to 1971 in the US equity market gen-
erate higher alpha than investment in a portfolio
of high-volatility stocks. Even Black, Jensen, and
Scholes (1972) observed that risk-return relation-
ship was flatter than predicted by the Capital
Asset Pricing Model (CAPM). It is obvious to ex-
pect higher returns from investment in high-risk
asset, but within an asset class, low-volatility ef-
fect prevails. Black’s proposal to Wells Fargo to
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commence an investment fund that systematically
invests in low-risk stocks was rejected on the ba-
sis that the fund will not have any clientele (tak-
ers). Black’s research was refuted for a long time. It
was only after twenty years that Fama and French
(1992) stated that after adjusting for size and value
factors, the relation between return and beta was
flat for the period 1963-1990. Since then, the low-
risk effect has been tested using various risk meas-
ures. Research has even created specific factors to
exploit the low-risk effect.

Haugen and Baker (1991), Haugen and Baker (1996),
Clarke et al. (2006), Blitz and Vliet (2007), Ang et
al. (2006), Baker et al. (2011), Carvalho et al. (2012),
and Frazzini and Pedersen (2014) offer evidence
on the negative relation between risk and return.
Blitz et al. (2013) find similar evidence for emerging
markets. Joshipura and Peswani (2017) make simi-
lar observations for the Indian equity market.

However, there are studies that even refute these
findings. Scherer (2011) argues that a large part
of the excess return of minimum variance port-
folio over the benchmark portfolio is explained

http://dx.doi.org/10.21511/imfi.16(3).2019.07
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by value effect. Shah (2011) argues that low-vola-
tility effect is due to heavily investing in low-risk
industries. Bali and Cakici (2008) argue that the
low-risk effect is due to the presence of small and
illiquid stocks with lottery-like payoffs. Further,
to substantiate their argument, Bali et al. (2011)
developed the lottery-like stocks payoft variable
MAX. Though Martellini (2008) finds positive re-
lationship between risk and return, their study has
survivorship bias.

The explanations for the existence of low-vol-
atility effect range from economic and mar-
ket friction to behavioral biases. Black et al.
(1972), Hong and Sraer (2012) and Frazzini and
Pedersen (2014) attribute the returns to low-risk
effect to borrowings restrictions. This makes
investors demand high beta stocks to earn high
returns. Blitz et al. (2013), Baker et al. (2012)
show that the decentralized investing approach
motivates fund managers to increase their in-
vestments in high-risk stocks with an expecta-
tion to earn high returns and in turn increase

their personal compensation. It also makes the

fund managers focus on out-performing in the

bull market than performing in the bear market.
Behavioral biases such as the preference for lot-
teries, over-confidence and representativeness

motivate investors to demand high-risk stocks.
This leads to an increase in price for high-risk

stocks and reducing their subsequent returns.

In literature, studies on low-risk effect differ on

the ground of the method of portfolio construc-
tion and the choice of risk measure. These studies
measure risk in terms of total volatility, beta, or
idiosyncratic volatility. Many have created factors
based on the risk measures either to explain or re-
fute the low-risk effect. In recent times, the em-
pirical findings of low-risk effect are so consistent
that they are accepted as truth.

2. DATA AND METHODOLOGY

2.1. Data

At the end of every month, starting in January
1997 and ending in September 2018, we identify
all constituents of the National Stock Exchange
of India (NSE) and take these as our universe for
that particular month. The universe consists of
approximately 900 stocks on average; the actual
number varies between about 700 and 1,600 over
time. The descriptive statistics of the universe
is provided in Figures 3A and 3B, which display
number of stocks and total market capitalization
of those stocks month-on-month.

Data on NSE constituents, market capitalization
and stock price return are taken from Centre for
Monitoring Indian Economy (CMIE) Prowess da-
tabase. 91-day T-bill rate is taken from the Central
Bank of India, the Reserve Bank of India (RBI) web-
site. Fama-French (1992) and Carhart (1997) momen-
tum factors for Indian equity market are taken from
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Figure 3A. Descriptive statistics — number of stocks
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Market capitalization
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Figure 3B. Descriptive statistics — total market capitalization

the Indian Institute of Management Ahmedabad da-
ta library accessed in December 2018.

Returns are log-transformed in order to make
them additive over time. The log-transformed ex-
cess returns are used throughout our analysis for
all return calculations. Stocks with less than 12
months returns are weeded out. Also, we elimi-
nate stocks that did not have a return in the month
following the portfolio construction month (¢ + 1).

2.2. Methodology

At the end of each month (f), we construct quin-
tile portfolios by ranking stocks on the volatility
of past 36 month’s excess returns. We construct
portfolios from January 2000 to September 2018
resulting in the creation of 225 portfolios (225
months of study). P1 consists of low-volatile stocks,
while P5 consists of high-volatile stocks. The per-
formance of these portfolios is measured in ¢ + 1.
We calculated equally weighted returns of these
portfolios. To make the study robust, we conduct-
ed the size and volatility study using three meth-
ods of portfolio construction.

2.2.1. Method 1
The first method creates portfolios using inde-

pendent sort. The bivariate analysis uses double
sorting of stocks. Stocks are sorted each month
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in ascending order on size to form quintile port-
folios and then within each size quintile, they
are re-sorted in ascending order of the stock’s
historical volatility. As a result, every month,
we create 25 portfolios (5x5). P1 portfolio con-
sists of small-size stocks, while P5 portfolio
consists of large-size stocks. Bucket ‘A’ consists
of low-volatility stocks and bucket ‘E’ consists
of high-volatility stocks within a particular
size quintile. The bivariate analysis is a robust
non-parametric technique to evaluate wheth-
er the low-volatility effect is a separate effect
or the one which is present only in small-size
stocks (Bali, Cakici, & Whitelaw, 2011).

2.2.2. Method 2

The second method creates portfolios using de-
pendent sort. Each month, stocks are sorted on
size, from small-cap to large-cap, to create quin-
tile buckets and within each size quintile, stocks
are re-sorted on historical volatility. P1 to P5 are
size quintiles with an equal number of stocks in
each quintile. Within each quintile, ‘A’ to ‘E’ are
the volatility quintiles. ‘A’ has stocks with the
lowest volatility and ‘E’ bears stocks with the
highest volatility. Then, every month, P1A, P2A,
P3A, P4A and P5A are combined to create the
low-volatility (LV) quintile. The same is repeat-
ed for all other quintiles. Thus, P1E, P2E, P3E,
P4E and P5E are combined to form the portfolio

http://dx.doi.org/10.21511/imfi.16(3).2019.07
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of stocks with the high-volatility (HV) quintile.
This helps to study the low-volatility effect con-
trolling for size.

2.2.3. Method 3

The third method uses the Securities Exchange
Board of India (SEBI) guidelines to segregate
Indian stocks into large-cap, mid-cap and small-
cap. SEBI has defined large-cap stocks as top 100
by market capitalization. Next 150 belong to the
mid-cap size bucket, while the rest of the stocks
belong to the small-cap size bucket. Each month,
stocks are divided into these three groups. At the
end of each month, we create quintile portfolios
within each size bucket.

For all the methods mentioned above, portfo-
lios are rebalanced with a monthly frequency
throughout the analysis. For the resulting time
series, we calculate the equally weighted excess
portfolio return, standard deviation, Sharpe ra-
tio, ex-post beta, CAPM style alpha and its t-val-
ue in the month ¢ + 1.

We evaluate the performance of the portfolio re-
turns using single factor CAPM style alpha using
equation 1, Fama-French 3 factor alpha and Fama-
French-Carhart 4 factor alpha using the equations
(2) and (3) respectively. We use the equally weight-
ed excess stocks returns of all the stocks listed on
NSE as a proxy for the market.

R,,—-R., =a,+B,, (Rm’t -R,, ) +e,, ()

where R, R,,, R, and ¢, arethereturnon
the portfolio p, risk-free rate, the return of the
market portfolio and idiosyncratic volatility, re-

spectively, in time ¢. The alpha of the portfolio is

represented by . The Fama-French 3 factor and
Fama-French-Carhart 4 factor analysis are con-
ducted by adding SMB, HML and WML factors to
the above equation 1.

2
R,,~R,, =a,+p,, (R, ~R,,)+ @
+3,SMB-RSMB+ 3, HML-RHML +¢,,,,
Rp,t - Rf,t = ap + ﬂp,m (Rm,t - Rf,t ) +
+,SMB-RSMB+ 8, HML-RHML+  (3)

+8 WML-RWML+e¢,,,

where RSMB, RHML and RWML represent
the return on size, value and momentum fac-
tors, respectively, and B SMB, [ HML and
B, WML represent betas of the portfolio of size,
value and momentum respectively.

3. EMPIRICAL RESULTS

We discuss the results of our study in this section.

We report in Table 1 the excess annualized re-
turns of the equally weighted portfolios created
by ranking stocks on their historical volatility,
the standard deviation of these quintile port-
folios, annualized Sharpe ratio, ex-post beta,
CAPM alpha with its statistical significance. In
this univariate analysis, we observe that the re-
turns monotonically decrease from the portfolio
of low-volatility stocks (P1) to the portfolio of
high-volatility stocks (P5). The standard devi-
ation and ex-post beta of these returns increase
from P1 to P5. The Sharpe ratio of P1 is greater

Table 1. Risk and return of volatility ranked portfolios

Key metrics P1(LV) P2 P3 : P4 . P5(HV) P1-P5 (LV-HV) EWI
Excessreturns 515%  384% - -150% : —706% . —2332% :  2847% 1.65%
Standard deviation 23.35% 30.56% 34.86% | 3950% @ 4615% | 27.47% 33.66%
swperso 0 o1 oo o osm 106 oo
Ex-post beta 066 088 . 101 . 115 . 131 . -065 -
CAPM alpha 8.14% 7.83% 3.09% @ -1.86% : -17.39% 25.53% -
tvalue 579 641 294 177 -664 681 -

Note: The table reports equally weighted excess annualized returns, annualized standard deviation, Sharpe ratio, ex-post beta
and CAPM style alpha with its t-value. We created quintile portfolios by ranking stocks on their historical volatility of returns.
P1 consists of low-volatility stocks, while P5 consists of high-volatility stocks. Returns, standard deviation and alphas are in

percent.

http://dx.doi.org/10.21511/imfi.16(3).2019.07

67



Investment Management and Financial Innovations, Volume 16, Issue 3, 2019

Table 2. CAPM style alpha, three-factor alpha and four-factor alpha of volatility ranked portfolios

Key metrics P1(LV) P2 P3 P4 P5 (HV) P1-P5 (LV-HV)
CAPMstylealpha = 8.14% 7.83% 3.09% -1.86% .717.39% 2553%
t-value 579 641 2.94 -1.77 —6.64 6.81
Falpha 937% . 861% 3.23% ~2.84% _.-1858% 27.95%
tvalve 723 74 306 288 736 792
4F alpha 8.84% 8.49% 3.23% —-2.82% -17.93% 26.77%
T Se 1 84 2 £ - e, S

Note: The table reports CAPM alpha, three-factor alpha and four-factor alpha with their t-value of equally weighted portfolios
formed by sorting on historical volatility of stock returns. Alphas are in percent. 5% significance is indicated in bold.

than that of the benchmark index. It is negative
for P5. The CAPM alpha is economically and
statistically significant for all quintiles barring
P4. The same stands true for all the long-short
portfolio where we go long P1 and short P5.

Table 2 reports the CAPM style alpha, Fama-
French three-factor alpha (3F) and Fama-
French-Carhart four-factor alpha (4F) with
their statistical significance. The alphas are
statistically significant for all quintile portfoli-
os. Moreover, P1 delivers reasonable high alpha
even after controlling for known factors like
size, value and momentum. These results clear-
ly defy the efficient market theory.

We also observe in Table 3 that 4F of P1 has neg-
ative significant loading on size, as well as value
factor, whereas significant positive loading on mo-
mentum factor. So LV portfolio comprises large-
cap, growth and winner stocks. Therefore, neither
size nor value premium can explain the economic
and statistically significant alpha associated with
the LV portfolio. Only a part of the CAPM alpha
can be explained by the momentum factor.

Table 3. Three-factor and four-factor regression
coefficients of volatility extreme portfolios

Factor P1 H PS5

loading 3F 4 - 3F . OF
EWI 0.723 0737 © 1.228 | 1211
‘tvalue 50.78 49.49 44.30 4134
SMB -0.143 -0.148 0.244 0.249
:tfvaIéJe —5.56 -5.81 4.85 497
HML -0.078 -0.081 0.055 0.059
'tfvaIQe -4.03 -4.26 1.47 158
WML ' - 0.044 - ~0.054
't—vaIQe ' H - 2.78 H - —1.%1.

Note: The table reports three-factor (Fama-French) and four-
factor (Fama-French-Carhart) style regression coefficient
analysis of extreme portfolios.

In Table 4, we report the results of our first meth-
od to study the low-volatility effect controlling
the size factor. The method creates 5x5 quintile

portfolios of stocks first sorted on size and within

each size quintile, re-sorted on historical volatility
to create quintile portfolios. This bivariate analy-
sis reveals that portfolios of low-volatility stocks

across size quintiles deliver positive excess returns

and vice versa.

Table 4. Excess returns of independent sort portfolios on size and volatility

size Small-cap to large-cap
P1(sC) P2 PR P4 P5(LC) PL-PS Ewl
A(LV) 6.51% 8.35% 3.90% 5.72% 5.93% 0.57% 1.65%
B 084%  052% | 381% = 189%  372%  -287% & -
lowtohigh-volatility € 677% | -251% | -112% | 366% | 137% | -8.13% -
D -1377%  -1105%  -527% | -360% = -375%  —10.02% -
CE(HV) | -2233% | -3151% | —2177%  -1561% = -19.36% & -2.98% -
AEQV-HY) 2884% | 3087% . 2567%  2133% . 2529% . - . —

Note: The 5x5 quintile portfolios are independently sorted first on size (market capitalization) and within each quintile re-
sorted on volatility in ascending order. We calculate equally weighted returns of each portfolio. Similarly, we created long-
short portfolios, which go long on low-volatility stocks and short on high-volatility stocks. We calculate equally weighted

returns on these portfolios. Returns are annualized percent.
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Table 5. Ex-post beta ratio of quintile portfolios independently sorted on size and volatility

5'
1€ P1(SC)

Small-cap to large-cap

P2 P3 P4 P5 (LC)

0994
116

Low to high-volatility 1

A-E (LV-HV)

-0.44

866 0755 0650
005 0.923 :
132 1043
200 1.130
305 1229
-0.47

0.468
0636

-0.67

Note: The 5x5 quintile portfolios are independently sorted first on size and within each quintile re-sorted on historical volatility.
We regress each portfolio’s monthly excess return on the market excess return to find a full-period ex-post beta.

We observe that the ex-post beta of P5A (large-
cap stocks) portfolio is less than P1A (small-cap
stocks) portfolio (see Table 5).

Also, the long-short portfolios within each size
bucket (A-E) deliver exceptionally high Sharpe ra-
tio (see Table 6) as compared to the Sharpe ratio of
the benchmark index. Though the returns of the
portfolio comprising of large-cap low-volatility
stocks (5.93%) are lower than the returns of the
portfolio comprising of small-cap low-volatility
stocks (6.51%), its Sharpe ratio is higher (0.319) be-

cause of less riskiness of large-cap stocks as com-
pared to small-cap stocks.

Further, we analyze the CAPM style alpha, 3F and
4F alphas with their t-values of all these 25 port-
folios created every month (see Tables 7, 8 and 9).
Again, we observe that all the portfolios of low-vol-
atility stocks within all size buckets earn economi-
cally and statistically significant alphas even after
controlling for known factors like size, value and
momentum. The alpha is superbly high for long-
short portfolios within all size buckets (LV-HV).

Table 6. Sharpe ratio of quintile portfolios independently sorted on size and volatility

Size Small-cap to large-cap EWI
AW 0178 0144 - 0243 0319
B 0,020 : : :
Low to high-volatility C -0.150 0.049
D ;(:1;292
E (HV) -0.433
AE(WV-HY) 1157 1080 . 0807 . 0.807 - -

Note: The 5x5 quintile portfolios are independently sorted first
ity. Annualized Sharpe ratio are reported above.

on size and within each quintile re-sorted on historical volatil-

Table 7. CAPM style alpha of quintile portfolios independently sorted on size and volatility

Small-cap to large-cap

Size P1 (SC) P2 P3 P4 psg) . TIPS

 12.28% 7.32% 8.67% 8.06% 296%
A (LV) ) 6188 3.762 4.850 3.684 0689
; 5.08% 7.99% 5.50% 6.61% | -047%
s 2393 3.970 2.819 2.385 ~0.080
c 2.63% 3.61% 7.74% 483%  —618%
Low to high-volatilty e 1.068 1.842 3.266 1.704 —0943
5 61% ~0.14% 1.08% 0.18%  -8.27%
o 2416 20.073 0437 0.057 1179
V) 25.59% -16.19% = -10.07% = -14.21% = -2.07%
Y 8023 1 ss0 U p7m1 789 0234

. 37.88% 23.51% 18.74% 22.26% -

AE(LV-HY) 5353 9538 5.849 4,548 4.477 -

Note: The quintile portfolios are independently sorted first on size and within each quintile re-sorted on volatility. We regress

each portfolio’s monthly excess return on the market excess re
are in annualized percent. 5% significance is indicated in bold.
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Table 8. Three-factor alpha of quintile portfolios independently sorted on size and volatility

Small-cap to large-cap

Size : P1-P5
P1 (SC) P2 : P3 : P4 i P5(LC)
o 731% . 10.92%  7.26% - 9.67% . 10.51% . -3.21%
3657
7.84%
3818
L 7A9% . 033% 341%  9.36% . 8.87%  -16.06%
) . 1.711
Low to high-volatility : 0557 :
—VU. (]
....................................................... -0273 1577 . 2266 -3798
-22.46% -26.08% -14.17%
E(HV) e SO
........................ —4.458 8375 . -4.960
H 29.76% : 37.00% 21.43%
A-E(LV—HV) e fresss eresernentnuniseenenenanid
: 5.824 9.292 5.339 -

regress each portfolio’s monthly excess return on the market excess return, size and value factors. The table reports three-
factor alpha of these 5x5 and long-short portfolios. Alphas are annualized percent. 5% significance is indicated in bold.

Table 9. Four-factor alpha of quintile portfolios independently sorted on size and volatility

Small-cap to large-cap

Size T T P1-P5
P1 (SC) P2 : P3 : P4 . P5(LC)
712% ©  10.59% : {0 9.30%
A(Lv) eeeteresterecertetetetanieietentetaterectetatentenatarectelerctattaretartatascnastare
............. 5387
3.54% '
B heennide fe e
............. k715 239304
-0.15% '
. " . -0065 , ,
Low to hlgh-VO|atI|Ity ............. 14110/ 7 36:y
—1&. 0 H ' % 0
D Bl L
................... T36/0 |
-22.23%

each portfolio’s monthly excess return on the market excess return, size, value and momentum factors. The table reports four-
factor alpha of these 5x5 and long-short portfolios. Alphas are annualized percent. 5% significance is indicated in bold.

The 3F and 4F factor coeflicient analysis (Tables 10
and 11) rightly suggest that all P1 portfolios (P1A
to P1E) consist of small-cap stocks and all the
P5 portfolios (P5A to P5E) consists of large-cap
stocks. The study also reveals that the portfolio of

large-cap stocks consists of growth stocks, while
the portfolio of small-cap stocks consists of value
stocks. Moreover, the results reveal that portfolios
consisting of low-volatility stocks pick up winner
stocks across size buckets.

Table 10. Regression coefficient analysis of three-factor (Fama-French) alpha of portfolios
independently sorted on size and volatility with their corresponding t-value

3F Loading = P1A P1B P1C P1D P1E P5A P5B P5C P5D
EWI 0.825 0.926 0.929 0.963 1.062 0.601 0.839 0.980 1.109
‘tvalue | 27416 = 27538 = 21964 = 23.091 = 19.193 = 30.398 = 37375 = 45418 = 46.307
SMB 0.293:: 0.453:: 0.445:: 0.474:: : 0.443  —0.3213: —0.44:7: —0.51:3: —0.53(:):
tvalue 5378 | 7448 5812 . 6279 . 4424  -9.027 . -11001 . -13.150 = -12.237
HML 0258 0344 0409 . 0456 0439 . -0.147 = -0.250  -0.245 = -0.303
t-value {6357 ¢ 7577 ¢ 7157 ¢ 8.091 5874 | -5504 | -8251 : -8414 : -9364

Note: The table reports the three-factor (Fama-French) regression coefficients of extreme portfolios created through
independent sort on size and historical volatility with their corresponding t-value. 5% significance is indicated in bold.
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Table 11. Regression coefficient analysis of three-factor (Fama-French) alpha of portfolios
independently sorted on size and volatility with their corresponding t-value

4F Loading

PIA | PIB : PIC . PID @ P1E : P5A PSB 0 P5C @ P5D @ PSE
EWI { 0.83 : 0923 : 0.936 @ 0952 : 1.056 @ 0.633 0.866 @ 1.007 @ 1.118 @ 1.449
e ase s s o s sisse maw s e 29
SMB .02 0454 0443 . 0478 0445  -0.333 0455  -0.522 = -0533 0493
t-value 5330 : 7431 © 5761 6309 : 4425 | -9726 : —11.440 @ -13716 @ -12.278 : -5.824
i o o s oms  oaw  oiss -0z oz -oa0s o
tvalue . 6304 7559 7100 . 8117 5868 . 6052  -8637  -8863 . -9410  -8302
WML 0015 : -0.008 : 0022 @ -0.037 : -0019 @ 0101 : 0084 @ 0087 @ 0028 @ -0.018
‘tvalue 0445 | -0220 | 0460 . -0774 | -0.295 : 4709 . 3348 | 3655 . 1015 = -0.337

Note: The table reports the four-factor regression coefficients

of extreme portfolios created through independent sort on size

and historical volatility with their corresponding t-value. 5% significance is indicated in bold.

Tables 12-14 report the result of the second meth-
od adopted to create the size and volatility portfo-
lios. Table 12 displays the risk and return of these
dependent sort portfolios created by ranking on
volatility while controlling for size. The trend of
their return is like the one observed in Table 2.
CAPM alpha delivered by ‘A’ portfolio is 9.48%
and decreases as volatility increases. It is also sta-
tistically significant.

The 3F and 4F alphas are also phenomenally high
and also statistically significant (Table 13). This

also proves that the low-volatility effect is not an
overlap of any other established factor.

The regression coeflicients of size factor in 3F and
4F analysis (Table 14) are rightly insignificant
as the method of construction itself controls for
size. The strategy re-confirms that the portfolio of
low-volatility stocks picks winner stocks, but we
also observe a contradiction to our earlier obser-
vation, where it picks growth stocks. Here, port-
folio ‘E’ picks growth stocks instead. To explain
this, Joshipura and Peswani (2018) observe that

Table 12. Risk and return of dependent portfolios sorted on volatility and controlled for size

Key metrics A B C D E A-E
Excess returns 6.09% 2.17% —-1.06% —7.47% —22.05% 28.14%
Standard deviation 26.03% 31.26% 34.68% 37.69% 43.65% 21.90%
Ex-postbeta 0.75 091 1.01 110 1.24 -0.50
CAPM alpha 9.48% 6.28% 3.51% -2.50% -16.41% 25.88%
t—value ......... 8.14 ‘6.54 3.63 ;2.81 —7;37 8.12

Note: The table reports annualized equally weighted excess portfolio returns, standard deviation, Sharpe ratio, ex-post beta
and CAPM style alpha with their t-value. Each quintile portfolio is created by sorting on volatility after controlling for size. We
create dependent size-volatility portfolios. “A” are portfolios with low-volatility and “E” are portfolios of stocks with highest

volatility controlled for size.

Table 13. CAPM style alpha, three-factor and four-factor alphas of volatility ranked portfolios

controlled for size

Key metrics A B C D E A-E
CAPMalpha 9.48% 6.28% 3.51% -2.50% -16.41% 25.88%
tvalue 8.14 6.54 3.63 -2.81 -7.37 8.12
3Falpha 9.14% 6.03% 2.97% -2.82% -14.93% 24.07%
't.‘-.v.altqe ......... 7.73 6.18 3.10 -3.15 —6.80 7.58
4F alpha 8.75% 5.97% 2.61% -2.50% -14.46% 23.21%
tvalue 7.38 6.03 2.72 ~2.79 ~6.53 7.27

Note: The table reports one-factor, three-factor and four-factor alphas along with their t-value for portfolios created by ranking
on historical volatility controlling for size. Alphas are annualized percent. 5% significance is indicated in bold.

http://dx.doi.org/10.21511/imfi.16(3).2019.07
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Table 14. Three-factor and four-factor regression coefficients of dependent portfolios ranked
on volatility and controlled for size

. A (W) E (HV)
Factor loadings g q

3F : 4F 3F : 4F
EWI 0.734 0.744 1.287 1.275
tvalue 56.55 ... 5445 5342 4996
SMB 0.008 0.004 0.026 0.030
tvalue 03 019 .060_ 069
M e 0.027 i ..0.025 ..70.129 .To126
t-value 1.55 : 1.42 -3.97 -3.88
WML o mo0em2 - 0039
t-value : - 2.18 : - —1.44

Note: The table reports three-factor (Fama-French) and four-factor (Fama-French-Carhart) style regression coefficient analysis
of dependent portfolios ranked on volatility and controlled for size.

low-volatility effect enhances the returns from
the portfolio of value, as well as growth stocks.
So though the dependent sort method of portfo-
lio creation chose value stocks in the portfolio of
low-volatility stocks (results are insignificant), it
delivers exceptionally high alphas.

The results established in Tables 15, 16 and 17
are of the third method of portfolio formation
adopted to study the robustness of the low-vol-
atility effect within and across various size
buckets. We observe that investing in large-cap

low-volatility stocks deliver comparatively high-
er risk-adjusted returns than investing in mid-
cap or small-cap low-volatility stocks (see Table
15). Even the Sharpe ratio is the highest for the
portfolio of large-cap low-volatility stocks, but
lower than the long-short portfolio (P1-P5). The
ex-post beta of large-cap P1 is the least, while the
long-short portfolios deliver negative beta.

The CAPM style alpha, 3F and 4F alpha of P1
across size buckets are economically and statisti-
cally significant (see Table 16).

Table 15. Risk and return of large-cap, mid-cap and small-cap stocks sorted on historical volatility

Key metrics P1 (LV) P2 : P3 P4 P5 (HV) P1-P5 (LV-HV)
LARGE-CAP
Excessreturns 618% ...063% . -080% . -1900% - 25.17%
Standard deviation 17.75% 28.09% 31.27% 43.78% 33.29%
Sharperatio 035 002 . 003 043 076
Ex-post beta 0.40 0.70 o077 1.07 : -0.67
CAPMalpha '8.22% 424% 285% -1411% 22.33%
LR R e o e R
MID-CAP
Excess returns 6.48% : 1.35% H -17.46% 23.94%
Standard deviation 21.50% 3040% L A514% . 3043%
Sharpe ratio 0.30 0.04 -0.39 0.79
Expostbeta 057 083 LT 060
CAPMalpha 3:32% .5:16% o l2ag% 21.60%
t-value 4.52 1.96 -2.53 4.14
SMALL-CAP
Excessreturns 598% .. LT 914% . T238% .. 2987%
Standard deviation 27.11% 38.03% 41.60% 46.91% 24.78%
Sharperatio 022 004 022 <051 121
Ex-post beta 0.77 1.10 : 119 1.32 : -0.55
CAPMalpha 971% 37% 36 UT% . 2743%
t-value 7.00 2.67 -1.89 -5.85 7.22

Note: The table reports annualized returns, annualized standard deviation, Sharpe ratio, ex-post beta and CAPM style alpha
with its t-value. We created quintile portfolios by ranking stocks on their historical volatility of returns. P1 consists of low-
volatility stocks, while P5 consists of high-volatility stocks with each size bucket of large-cap, mid-cap and small-cap.
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Table 16. CAPM style alpha, three-factor alpha and four-factor alpha of volatility ranked portfolios
within various size buckets

P1(LV) P2 P3 P4 P5 (HV) ©  P1-P5 (LV-HV)
LARGE-CAP
CAPM style alpha L.822% L 1S1% 4.24%  ...2.85% T14.11% ot 22.33% ...
tvalue f...3.09 126 72.50 T 398
3Falpha . 11.01% .8:99% 76:39% T 17.40% ..
tvalue ..A86 476 380 ...271 71.39 e 325
4Falpha .932% 0 990% . 78%% .  696% ~6.86% S 16.18%
t-value : 4.31 3.36 -1.47 : 3.00
MID-CAP
CAPM stylealpha . ...9:32%  : 380% . . 5:.16% . .i...0:46%. T12.29% ot 21.60% ..
tvalue e 02 A9 196 72.53
3Falpha o 10B8% L 695% 8.37% . 75.94%
tvalue e 23Y 0308 365 . 7139
aFalpha i 998%8:28% 8.36% . .. 373%. 72:23%
t-value 3.60 —1.21
SMALL-CAP
CAPM style alpha L3.72% -17.72%
Bvalue i 200 ASS 267 . 7585 .
3Falpha i 920% i 638% @ 1.86% 720.62% S 29.82% ..
tvalue i 8D A4S 155 =746 T 8.08 ..
aFalpha o 8:99% 6A2% 197% i, .75:19% 719.92% T 28.91% ..
t-value 1.62 —7.16 i 7.78

Note: The table reports CAPM alpha, three-factor (Fama-French) alpha and four-factor (Fama-French-Carhart) alpha with their
t-value of equally weighted portfolios formed by sorting on historical volatility of stock returns within large-cap, mid-cap and
small-cap size buckets.

Table 17. Three-factor and four-factor regression coefficients of volatility ranked portfolios of large-
cap, mid-cap and small-cap stocks

. . P5
Size Factor loading T
: 4F
EWL 1.447
bvalue 26.91
SMB -0.708
t-value -7.72
LARG E_CAP .......................
AML -0.523
bvalue -7.63
WML 0.039
.......................... tvalue 0.67
EWL 1.417
bvalue 28.49
SMB -0.345
t-value -4.06
M|D_CAP .......................
AML -0.465
bvalue -7.33
WML —0.059
.......................... tvalue -111
EWL 1.155
tvalue 36.01
SMB 0.317
t-value 5.78
SMALL,CAP .......................
AML 0.191
bvalue 4.67
WML —0.058
t-value -1.69

Note: The table reports three-factor and four-factor regression coefficient analysis of extreme portfolios sorted on historical
volatility within each size bucket — large-cap, mid-cap and small-cap. 5% significance is indicated in bold.
Stock price are adjusted for all corporate actions.
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An analysis of Table 17 reveals that P1 of large- extreme quintile portfolios formed on volatility
cap and mid-cap size buckets pick winner stocks, sorts of large-cap and mid-cap size buckets picks
while the results are insignificant for P1 of small- growth stocks, while small-cap size bucket picks
cap size bucket on the momentum factor. The value stocks, but here the results are statistically
statistically significant results also reveal that insignificant.

CONCLUSION AND FUTURE SCOPE

The study provides strong evidence of the existence of low-volatility effect in the Indian equity market.
Refuting the market efficiency theory, systematically investing in a portfolio of low-risk stocks deliver
high returns than the benchmark index. We observe that within a particular asset class, it is possible to
earn higher returns while taking low risk. To test the robustness of low-volatility effect across various
size buckets, we controlled size using three methods, forming 5x5 independent size and volatility sorted
portfolios (double sort), then again forming dependent volatility ranked portfolio controlled for size
and later creating volatility ranked quintiles within each size bucket — large-cap, mid-cap and small-cap.
We observe that the method of portfolio creation does not influence the low-volatility effect to deliver
exceptionally high economical and statistically significant alpha. The alphas are positive and significant
even after controlling for known factors like value and momentum. Thus, the empirical results reveal
that low-volatility effect is an independent phenomenon and not an overlap of any of the established
factors and is robust across size buckets. The portfolio of low-volatility stocks often picks growth and
winner stocks. Investing in a portfolio of large-cap low-volatility stocks delivers the highest risk-adjust-
ed returns than investing in a portfolio of mid-cap and small-cap low-volatility stocks. In future, the
study can be conducted to observe the interaction of other established factors like value, momentum,
profitability, investment, quality, short-term reversal, MAX with the low-volatility effect. This will help
to study the existence or non-existence of the robustness of the low-volatility effect. We conclude with
the claim that low-volatility effect is very strong and significant in the history of Indian capital markets
and it will stay for a long time unless it becomes an overcrowded investment place. This can happen only
if there is a change in the behavioral biases mentioned in literature explaining the perseverance of the

low-volatility effect.
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