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Abstract It has been shown that portfolios of low volatilgiocks have attractive
risk-adjusted returns. This finding is known as ‘lev volatility anomaly”. As total
stock volatility can be decomposed into idiosyricrablatility (IV) and systematic
risk (beta), a natural question is how the low ¥ititly anomaly is related to each
component. Is it the low beta or the low IV factbat drives the returns to low
volatility stocks? An answer to this question taplications for plausible economic
explanations of the low volatility effect, as tbevlbeta and low IV effect have been
explained by different economic mechanisms. Howewir role in portfolios
constructed from sorts on total volatility has heen examined empirically. We aim
to fill this gap by assessing empirically how paolitis of low volatility stocks are
related to the low beta and low IV factors. Ouruks suggest that low volatility
sorts are driven mostly by the low IV factor but dess related to the low beta
factor. We also find that the relation between tibtg and beta is not only lower on
average, but also more variable over time, thanriglation between volatility and
IV. An important implication of our results is thatconvincing explanation of the
low volatility anomaly needs to be consistent it IV effect as the main driver of
returns. Moreover, our results shed new light omsostylised facts in the low
volatility literature. In fact, we provide an expiation for the finding that the low
volatility effect is mostly driven by low returnhagh volatility stocks rather than by
high returns of low volatility stocks. While low latility stocks have negligible
exposure to the low beta factor, high volatilitpcits have negative exposure to both
the low beta and low IV factors, which explaingrtipeor returns.
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I ntroduction

Portfolios of low volatility stocks are widely uséy equity investors to exploit the so-called
“low volatility effect” (see Novy Marx 2014 for aigtussion of product offerings). In fact,
several authors have documented that sorting stoeesd on volatility and holding portfolios
which select the low volatility stocks leads taattive performance (see in particular Haugen
and Heins (1975) Haugen and Baker (1996, 2010)z Bind Van Vliet (2007), and Baker,
Bradley and Wurgler (2011)). Such low volatilityategies have become increasingly popular
with investors over the recent years, as evidebgatlimerous low volatility exchange-traded
funds and indices. In addition, other risk measurage been proposed to sort stocks and
document attractive performance of low risk verbigh risk stocks. In particular, Frazzini
and Pedersen (2013) sort stocks on their market d&ta measure of systematic risk and
numerous papers sort stocks on their idiosyncratiatility (IV) as measure of stock-specific
risk (see Clarke et al (2010), Huang et al (2040Y the references therein). Li, Sullivan, and
Garcia-Feijoo (2014a) analyse both portfolios sbade low beta and low 1V, and find that the
low risk effect is not as pronounced as suggesieg@rbvious studies, in particular when
considering implementation constraints. As totatktvolatility can be naturally decomposed
into an idiosyncratic (IV) and a systematic (betajnponent, a natural question is how the
low volatility anomaly is related to these two fast Is it the low beta or the low IV factor
that drives the returns to low volatility stocks@ Answer to this question has implications for
plausible economic explanations of the low volatigffect, as the low beta and low IV effect
have been explained by different economic mechasism

Surprisingly, while various papers assess theabtbe low beta and low IV factors in equity
portfolio optimisation, such as minimum varianceequal risk contribution (see Scherer 2011
and De Leote et al 2013), their role in portfolamstructed from sorts on total volatility has
not been examined. We aim to fill this gap by assgsempirically how portfolios of low
volatility stocks are related to the low beta aow IV factors.

The literature documenting the performance of laatility sorted portfolios in fact leaves
unanswered the question of the relationship with+lb@ta and low idiosyncratic risk stocks.
Instead, authors either acknowledge that the ligievben the different risk based factors is
not clear, or assume that such a link is necegseeily strong (see section 1 below for a
detailed discussion of related literature). Ourgrggrovides an empirical assessment of these
relationships, by breaking down the low volatil@ffect into systematic and idiosyncratic risk
effects. Analysing the drivers of the low volagilieffect is important for three reasons:
First, understanding the role of the underlyingtdes is a prerequisite for assessing the
relevance of various economic explanations oféffisct. For instance, the low beta effect has
been explained through leverage constraints, vguitd an explanation does not apply to the
low idiosyncratic risk effect.

Second, our analysis helps to establish whetheetheo factors should be clearly separated
or whether they are broadly similar in terms of @mal properties, as is often assumed.
Third, by breaking down the low volatility effecgito different components, our analysis may
provide a more detailed understanding of some efdlylised facts on return patterns of
volatility-sorted portfolios.

Our results show that the low beta and low IV fextare indeed two separate factors with
distinct empirical properties and a distinct ralghe low volatility portfolios. When assessing
portfolio composition of low volatility portfolioswe find strong evidence that low volatility

sorts are mainly driven by the low IV stocks bug atuch more weakly related to low beta



characteristics of stocks. While the bottom quenflortfolio of stocks sorted by volatility
contains almost only stocks that also belong tobibiom quintile sorted by 1V, it contains
stocks with a wide range of betas. Moreover, ogulte suggest that, the relation between
volatility and beta is not only lower on averaget Blso more variable over time, than the
relation between volatility and V.

When assessing factor exposures of volatility-sopertfolios, we find that the low beta
factor alone only explains 18% of variability ofetheturns to a portfolio that is long the low
volatility stocks and short the high volatility sis. In contrast, the low IV factor alone
explains 94% of this variability. Similarly, a rens attribution for this portfolio shows that
6.1% annual return comes from the low IV exposukélevonly 1.2% comes from the low
beta exposure. A striking finding is that, for tlog volatility quintile portfolio, exposure to
the low beta factor is not statistically signifitamhen it is included alongside the low IV
factor.

Our analysis also provides novel evidence on amginhg asymmetry between portfolios of
low volatility and portfolios of high volatility sicks. In fact, while it is negligible in low
volatility portfolios, the low beta factor playsnaore pronounced role in high volatility stock
portfolios. Portfolios of high volatility stocks @ negative exposure not only to the low IV
effect but also to the low beta effect. Given tihaty have negative exposure to both factors, it
is not surprising that returns to high volatilitgrgfolios are particularly poor. We thus shed
new light on a stylised fact in the literature de tow volatility effect, namely that the effect
is driven more by the poor returns of high volgtilstocks than the high return of low
volatility stocks.

Our conclusions are robust to changes in the setlpding changing the stock weighting
scheme, the data frequency used to estimate rigsunes, and the factor model used to
separate systematic and idiosyncratic risk. Diseglilag volatility-based portfolio sorts thus
shows great contrast of exposures to the differesk-based factors, namely the low
idiosyncratic volatility and low beta factors. Amportant implication of our results is that a
convincing explanation of the low volatility anomaleeds to be consistent with the IV effect
as the main driver of returns.

The remainder of the paper is organized as foll@&estion one shows how the low volatility
literature points to the question of disentanglaygtematic and specific risk effects. Section
two introduces the data and our methodology foessag the importance of the two effects.
Section three conducts an analysis of relationsbgig/een the different risk components in
the cross section of stock characteristics whiletiee four analyses returns of portfolios
based on volatility sorts. A fifth section repomsults of robustness checks and a final section
provides concluding remarks.

1. Related Literature

The literature on volatility sorted portfolios fae®s on documenting the anomalous (i.e. flat
or negative) relation between volatility and expeécteturns, and the resulting attractive risk-
adjusted returns of low volatility stocks. Therenig attribution of this effect to separate
components of stock-level risk. However, it is satmes conjectured that low volatility
stocks correspond to low beta stocks. For exanglieg and van Vliet (2007§, Roncalli

3 They write (emphasis added): “Ranking stocks oiir thistorical volatility bears a resemblance to ranking stocks on
their historical CAPM beta. Theoretically this follows from the fact that theta of a stock is equal to its correlation with
the market portfolio times its historical volagliand divided by the volatility of the market pottb. Empirically we also



(2013f , and Asness (201%rgue that the attractive performance of low \titiaiportfolios

can be explained by their exposure to the low ledtect, i.e. the well-known empirical
finding of a relatively flat relationship betweeath and returns, which has been theoretically
explained with borrowing restrictions by Black (2)7However, a recurring finding in the
low volatility literature is that the effect of sewpor risk adjusted returns seems to be stronger
when sorting stocks on volatility rather than betdyich points to potential differences
between volatility sorted and beta sorted portElguggesting that the two effects are not the
same (see the results in Blitz and van Vliet (208i8ugen and Baker (2009), Baker, Bradley
and Wurgler (2011), Novy Marx (2014), as well asnogents in Blitz, Falkenstein and van
Vliet (2014)). These reported differences whenisgron different risk measures lead to the
guestion of what really drives the return and oglow volatility stock portfolios.

More recently, it has been recognized that the between sorting stocks on volatility and
sorting them on beta or IV is not clear. Li, Sulliy and Garcia-Feijoo (2014ayere the first
to point out that the Black (1972) explanationtod tow risk effect strictly only applies to low
beta stocks. Whether or not it also applies to Molatility stocks will depend on the
importance of the low beta effect in portfolios lofv volatility stocks. Likewise, Blitz,
Falkenstein and van Vliet (2014) point out that idlationship between the low volatility and
low idiosyncratic volatility effect is unclear. Otlack of understanding the link between low
volatility sorted portfolios on the one hand, ahd tow beta and low IV effect on the other
hand, points to an interesting research question. epirical assessment of these
relationships seems in order to advance our uratetstg of the low volatility effect.

Interestingly, several authors have developed tlestipn of the contribution of the low beta
and low IV effect to portfolio returns for a diffamt class of portfolio strategies. In fact, Leote
de Carvalho, Lu and Moulin (2012), as well as SehdP011) empirically analyse the
exposure of optimised portfolios (such as minimuaniance, maximum diversification and
equal risk contribution portfolios) to the Fama dfmench (1993) factors, as well as a low
beta and a low idiosyncratic volatility factor. fhehow that the optimised strategies have
significant exposure to the low beta factor and @ehat lower exposure to the low
idiosyncratic volatility factor (see in particulexhibit 10 in Leote et al). Clarke et al. (2013)
examine the dependence of asset weights in the satimaised portfolio strategies on the
market beta and idiosyncratic volatility of stocketh analytically and empirically. They
show that the three optimisation strategies leadsset weights that depend negatively on
market beta and idiosyncratic risk, but the depeodeon market beta is much more
pronounced than on idiosyncratic volatility.

observe that portfolios consisting of stocks witlow (high) volatility exhibit a low (high) beta asgell. Since the earliest
tests of the CAPM researchers have shown that rf@rieal relation between risk and return is toat,fle.g. Fama &
MacBeth (1973). Similarly, others such as Black, éan& Scholes (1972) report thbdw beta stocks contain positive
alpha.”

4 He writes (emphasis added): “the low volatilityfeet [..] states that stocks with high idiosynaratiolatility are less
rewarded than stocks with low idiosyncratic volgtiin a risk-return framework. This result can ipéerpreted as new
formulation of thelow beta effect (Black et al. 1972) which states that low betalstqaroduce positive alpha.”

® He refers to risk-based factors as (emphasis adttedpeta (or low volatility, [...], or whateverorrelated versions are
floating around) factors”

5 They write (emphasis added)THough his focus was on market beta, Black (1972) offers a theoretically consistent
interpretation of why low risk stocks might do sellwelative to high risk stocks. He shows thatrbaiing restrictions such
as margin requirements might cause low-beta stimcksitperform.”



For portfolios based on low volatility sorts, sealelauthors attempt to gain a better
understanding of return drivers, without howevéerapting a separation of effects stemming
from the low IV and low beta factors. For exampgl#ow et al (2014) analyse the factor
exposures of several risk-based weighting methoclading a low beta factor but excluding a
low IV factor. Novy-Marx (2014) assesses factor@syres of low volatility portfolios to the
size, value and profitability factors, without hoxee considering exposures to the underlying
risk-based factors (low-beta and low V). Anothetated paper is Li, Sullivan and Garcia
Feijoo (2014b) who disentangle two components ef riiturns to low volatility portfolios,
namely the covariance of returns with a low rislctéa, and the risk characteristics
themselveS Our analysis has a similar objective of disenliaggreturns sources but
distinguishes between two different characteristms IV and low beta.

In contrast to the available evidence on the depecel of optimised portfolios on the
idiosyncratic and systematic risk components, nchsevidence is available for volatility-
sorted portfolios. Our paper aims to examine tHesrof idiosyncratic and systematic risk
components in portfolios that are based on sogingks by volatility.

2. Data and methodology

Following Baker, Bradley and Wurgler (2011), wenfoquintile portfolios of stocks sorted by
the 5-year trailing total volatility, where totabhatility is estimated using monthly returns. To
sort out the relative importance of the systemask component (low beta effect) and the
specific risk component (low IV effect) on theseatfmios of stocks sorted by volatility, we
conduct two types of analysis.

First, we assess the relationship between diffaisktmeasures in the cross section of stock
characteristics. This first type of analysis pr@ada direct assessment of the relationships
between volatility and its components in the cresstion and does not consider returns of
portfolios based on the corresponding sorts. Ahgamint in time, we compute the cross
sectional volatility, IV and beta in our universé stocks. We are thus able to assess the
relationship between these variables in the crestion of stocks. In particular, we look at
stock level risk measures to assess how strongetagon between stock volatility and its
idiosyncratic and systematic components is acrdsstacks. Moreover, when forming
portfolios of stocks sorted on risk measures, weess the overlap in terms of inclusion of
stocks in quintile portfolios formed on differemtk measures. Intuitively, if the low volatility
effect is driven for instance by the low beta effeme would expect a high overlap in the
stock weights of a portfolio selecting the low bstacks, and the stock weights of a portfolio
selecting the low volatility stocks.

Second, we analyse returns to portfolios of st@xksed on volatility, by relating them to a
set of factor returns. We introduce dedicated factapturing the low beta and low IV effect,
and analyse the exposure of low volatility portislito these factors. Moreover, we break
down the returns and the volatility of low volagliportfolios into components that can be
attributed to each of these factors. The remaimafethis section provides a detailed
description of our empirical setup, before we tirthe discussion of results for both types of
analysis in section four and section five below.

" They conclude that the evidence is more consistithtmispricing than with a common risk factor &ation of the low
volatility effect.



2.1. Stock universe

Volatility and returns of the stocks used in ouivense are computed using data from the
CRSP database. For the period from January 196&tember 2013, each month, we select
all stocks traded on the NYSE, Amex and NASDAQ. ¥8e the following rules to deal with
illiquid stocks, avoid survivorship bias, and undoftuence of extreme return observations.
To avoid an undue influence of thinly traded stoaks omit any monthly return equal to zero
when computing risk measures. Moreover, stocks legh than 24 monthly returns recorded
in the 5 years prior to portfolio formation are riotluded in the relevant cross secfiofio
avoid an undue influence of extreme return obsemsf stocks that, as of our portfolio
formation date, are penny stocks (i.e. stocks waitbrice of less than USD 5) are excluded
from our analysis. Moreover, return observationseexiing 200% are also excludedt
should be noted that all these exclusions are basedata available prior to the portfolio
formation date so as to not introduce any look-dH#as. To avoid survivorship bias, we
include all stocks traded at the time of portfdbomation (at the end of the previous month).
If a stock is delisted during the month followingrgfolio formation, the stock is included in
our cross section, up to the return observationilaa on its last trading day.

2.2 Risk measures and Portfolio Formation

Stock level risk can be decomposed into a systemaati a stock specific component. The
systematic risk component is the variance contetb@itom the various systematic risk factor
exposures, while the stock specific componentasvdriance that is unique to the stock in the
sense that it is unrelated to the variances o$yseematic risk factors.

Using variance to proxy for risk, we can expregsdtock level risk in the following equation:

O'l'2 = bi'Zbi + O'gzi (1)

systematic stock specific

wheres? denotes the variance of tH&stock in the cross section,denotes the K 1 vector
of betas, i.e. loadings of th8 stock return on the K systematic factcsgenotes the KK
variance covariance matrix of the returns to theystematic factors, andszl. denotes the
variance of the residual returns of thestock.

We run our analysis using different factor modelslistinguish specific from systematic risk,
notably a single factor model using the marketda¢CAPM) and a multi factor model using
the market, value, and size factors (Fama and Rrérf293)). In the single factor model, the
risk for stocki is simply:

07 = (Buow)? + 02 2)
wheref,, is the factor loading of'istock returns on the market factor, angis the variance
of the market returns.

8 Omitting stocks with less than 24 monthly retubservations is standard practice in empirical sisidif the
cross section of stock returns in general (seexXample Fama and French (1993)) and when analyiaing
relationship between stock volatility and retumarticular (see Bali and Cakici (2008))

® This approach is similar to Fu (2009), where stolo&ervations of stock returns greater than 30@%4raated
as outliers or possible data entry errors are digch In our case, after excluding the penny stoaliservations
of stock returns exceeding 200% only consist obd€ervations out of over 3 million monthly obseiwas.



For each month, the stock level risk (total voigfi] systematic risk (beta) and stock specific
risk (idiosyncratic volatility) are computed ovéiet5-year period prior to portfolio formation,
using monthly total returns data (including reirtwesnt of dividends). Since we want to
assess the overlap between sorts on total vojatlitd sorts on beta or IV, we actually
categorise stocks into quintiles according to thanking by each of the three risk measures,
volatility, IV and beta. For example, in Jan 20Bhple is ranked in the”hhighest beta
quintile, but is ranked in the middle’{Bquintile in the cross-section of stocks sortedatal
volatility or 1V. Using our sorts, we form our bapertfolios sorted by stock level risk, these
portfolios are cap weighted and revised monthly.

Our base portfolios of interest are these podBorted by total volatility, notable the high
and low quintiles, as well as the long/short pdidfahat reflects the difference in return
between low and high volatility stocks.

2.3 Factor models and attribution

We use different factor models drawing on varioets ®f factors to explain the returns to the
volatility sorted portfolios. The full-fledged famt model follows the approach in Scherer
(2011) and de Leote et al (2012) and augments #graatt four factor model by a low beta
factor and a low IV factor. To be specific, we rilne following time series regression to
estimate factor loadings.

Tp’t— rf’t =
ap + Bp1Tmket T Bp2Tsmb,t T BpsThmit T BpaTmome + BpsToabt + BpeTivore + Epe (3)

Where the factors are defined as follows:

* MKT: market factor, long a cap-weighted broad mapa@tfolio and short the riskfree
rate

» HML: value factor (Fama-French (1993)): long vastiecks and short growth stocks

» SMB: size factor (Fama-French (1993)): long smadirket cap stocks and short big
market cap stocks

* MOM: momentum factor (Jegadeesh-Titman (1993): latgcks with high past
returns and short stocks with low past returns,refieturns are measured over the
past year omitting the last month

* BAB: betting against beta factor (Frazzini and Psele 2014) long low beta stocks
and short high beta stocks, adjusting the longsdrmit weights so that factor beta is
zero

« IVOL: Low idiosyncratic volatility factor (Ang etla(20086), Clarke et al (2018):
long low idiosyncratic volatility stocks and shargh idiosyncratic volatility stocks

Our focus is on the coefficient estimates assodiatieh the BAB and IVOL factors, as well
as on goodness-of-fit of various specificationsgslifferent sets of factors. In particular, the
multi factor regression framework provides a ndtarathodology for assessing the marginal
impact of one factor in the presence of anothetofan this point see Fama and French
(2014)). For example, if the BAB and IVOL factorg dhe main drivers of low vol portfolios,

191t should be noted that Ang et al (2006) use atskam volatility measure based on daily retursetations over the
previous month. We use longer term estimate ofigiaratic volatility following Clarke et al (2010hd Li, Sullivan, and
Garcia-Feijoo (2014)



the goodness of fit of the multi factor model irdihg MKT, IVOL and BAB should be better
than that of other three factor models, includink™ SMB and HML. Likewise, if the
goodness of fit does not increase when adding\tiad. Ifactor to say the market and BAB
factor, we would conclude that IVOL does not previadditional explanation of portfolio
returns already provided by BAB

As much as possible, we prefer to use publicallgilale research data for each factor. In
particular, we use the monthly factor return sepesvided by Kenneth Frenth(Market,
SMB, HML and Momentum factors) and Andrea FraZZi(Betting against Beta factor). For
the low IV factor, we construct a return seriest tkdong the low IV quintile and short the
high 1V quintile described in subsection 2.2. Tharket portfolio provided by Kenneth
French’s data library is the value weighted retofrall CRSP firms incorporated in the US
and listed on the NYSE, AMEX, or NASDAQ. The rigle¢ rate is the 1 month Treasury bill
return.

In addition to analyzing the coefficient estimagasd goodness of fit of different factor

models, we also report the contribution to portfakturn and portfolio volatility provided by

the different factors in equation 3. The advantafgeoking at risk and return contributions is
that they allow for a more intuitive assessmenthef comparative importance of different
factors. In fact, the contributions to risk andurat show the influence on the investment
outcome of a given factor exposure. Contributicaus lbe derived from the factor loadings of
volatility sorted portfolios together with risk aneturn characteristics of the factor returns.

In particular, we break down the returns for vadigtisorted portfolios into two parts, the

unexplained part, and the return attributable tchefactor. We do this by multiplying the

estimated factor exposure (i.e. betas) by the dnratarn premium associated with each
factor.

Moreover, we break down the variance for volatiktyrted portfolios into three parts, an
unexplained part, variance attributable to eachofacand variance attributable to the
interaction of factors. The following expressisrused to break down the variance.

Volatility? = ZBFZVar(RF) + 2 Z BF: BF Cov (RFZ,RF/) + o2 (4)
F

\ J \ F; #F; } LYJ

. . ¢ Y Unexplained
Variance contributed by factors /ariance due to interaction of factors  variance

1 One needs to keep in mind that (even adjusted)udrsg tend to increase when one increases the nwflaetors, hence
we focus on comparisons of models with an identicathber of factors.

12 5ee Kenneth French'’s data library at < http:/misk.dartmouth.edu/pages/faculty/ken.french/dabeatiy.html>

13 See Andrea Frazzini's data library at < http://weweon.yale.edu/~af227/data_library.htm>



2.4 Robustness Checks

We conduct various robustness tests of our resélisoverview of results is reported in
section 5. Detailed results are provided in theeappx. In particular, we make the following
changes to our setup.

» Using three years of weekly data rather than 5syeamonthly data to estimate the
risk measures prior to portfolio formation.

» Equal-weighting stocks within the volatility sortedintile portfolios instead of cap-
weighting them

» Computing idiosyncratic risk relative to the Famad arench (1993) three factor
model rather than relative to only the market facto

* Using deciles rather than quintiles to sort stdzksed on volatility into the high and
low categories.

» Using a beta neutral IVOL factor by adjusting theights to the long and short leg of
the factor by their respective beta.

3. Sorting out stock characteristics

Before turning to an analysis of returns of portfelof stocks sorted on volatility and their
relation to risk-based factors, we assess diretigther sorts on volatility bear resemblance
to sorts on its components: beta and IV. We contiuatypes of analysis. First, we assess the
correlation between volatility of stocks and di#fat risk components of stocks. We report the
Spearman rank correlation between volatility on dine hand, and beta or IV on the other
hand. We also show the percentage of stock variaooeunted for by systematic and specific
risk components. Second, we look at cap-weighteadtitps portfolios of stocks sorted on
volatility. We assess the weight given in thesetfpbos to different categories of stocks,
where we define the categories through sorts dreelV or beta.

3.1. Stock-level risk characteristics

Figure 1 displays the rank correlation between tid@giaon the one hand, and beta or IV on

the other hand in the cross section of stock rstuiflihe correlation is estimated at each
monthly portfolio formation date, based on the pfige years of monthly returns data. In

order to estimate idiosyncratic volatility, we usesingle factor model, and alternatively we
also use the Fama and French three factor modslclear from inspection of the results in

Figure 1 that volatility and IV are strongly reldtdn fact, the correlation coefficient is close

to one, irrespective of the date at which the aislis conducted. The correlation between
volatility and beta has very different propertiesst, in spite of being positive, the correlation

coefficient has an average value of about 0.5 tvertime period considered. Second, the
correlation between beta and volatility fluctuatedely over time, taking on values as low as
about 0.1. Thus, the relation between volatilitg &eta is not only lower on average, but also
more variable over time, than the relation betweaatility and IV.



Figure 1: Cross-sectional correlation between volatility and 1V / beta.

The graph displays the Spearman rank correlatioeffacient calculate at the end of each month betwihe
volatility and beta (respectively 1V) of all stoat@ntained in the cross section for the respeatiemth. All risk
measures are estimated from the 24-60 prior montiiyrn observations. Data is from CRSP for allcét®
listed on the NYSE/Amex/Nasdaq, and from Kennethdhrs website for the Fama and French factors.

1 — me— — ———————— — — ~—
0,9
0.8
0.7
0.6 S —
0.5 AN -— —
0.4
0.3 <
0.2 Beta
01 S, ——|diosyncratic Vol
0 ol [CAPM].

In order to provide some perspective of the difieeebetween beta and IV in terms of their
correlation with volatility across stocks, we aldigplay a direct assessment of the relative
importance of each risk component, specific andesyatic, in the overall volatility of stock
returns. The left hand panel of Figure 2 displdyes gercentage of variance accounted for by
the specific component, when considering only treeket factor as a source of systematic
risk, i.e. 1-Bw,°om¥ci®. Inspection of Figure 2 shows that on average, specific risk
component (IV) accounts for about 70% of variarareaf typical stock. While the percentage
of volatility accounted for by the specific compahearies over time, time variation of the
average IV component across stocks is bound irrahge from about 60% to about 80%.
What is remarkable is that for 95% of stocks, thiedyncratic risk component accounts for at
least 50% of their volatility, as can be seen fritve 3" percentile which takes on a value of
about 50%. Moreover, the right hand panel of Figareshows that the dominance of the
idiosyncratic component is confirmed even whenudtig additional systematic risk factors.

Figure 2: Idiosyncratic variance as percentage of total variance.

The graph displays the average, and selected pgieerof the cross sectional distribution of idiasyatic
volatility as a percentage of total stock volagilicalculated at the end of each month. All riskasuees are
estimated from the 24-60 prior monthly return ols¢ions. Data is from CRSP for all stocks listed tha
NYSE/Amex/Nasdaq, and from Kenneth French’'s welositke Fama and French factors.
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3.2. Portfolio Composition

We assign stocks to five groups according to tltkarsyncratic volatility (respectively their
beta) prior to forming the total volatility quirgilportfolios. We then show the composition of
the low volatility quintile in terms of categorie$ stocks resulting from the IV (respectively
beta) sort. If there is a strong relationship betveolatility sorts and IV (respectively beta),
we would expect to see considerable weight giveouolV stocks (respectively low beta) in
the low volatility portfolio, and very little weighgiven to high IV stocks (respectively high
beta stocks). Figure 3 reports the results fotdhevolatility portfolio.

Figure 3: Composition of low volatility portfolio by 'V (respectively beta) categories

The graph displays the weight of IV and beta catggo the low volatility quintile portfolio. All sk measures
are estimated from the 24-60 prior monthly retubservations. Data is from CRSP for all stocks tist& the
NYSE/Amex/Nasdaq, and from Kenneth French’s welsit¢the Fama and French factors. Portfolios are
formed once a month for the period January 196Bd¢cember 2013.
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Figure 3 shows that, while the stocks in the lovatrlity portfolio belong mainly to the low
IV category, they come from a wide range of bet@garies, including stocks from four of
the five quintiles created by sorting on beta. @Gxirsat with the findings reported in Figure 1,
we again find evidence that the relation betweelatiity and beta is not only weaker, but
also more variable over time, than the relatiooween volatility and 1V. In particular, the
weight of low beta stocks in the low volatility pfmiio fluctuates from near zero to about 60
percent. In contrast, the weight of the low IV &® the low volatility portfolio is relatively
stable with levels from about 90% to close to 100%.

Figure 4 shows results for the other side of thiatily sort, notably the composition of the
cap-weighted high volatility portfolio. As we didrfthe low volatility portfolio in Figure 3,
we now indicate the composition of the high voistiportfolio in terms of categories of
stocks resulting from the IV (respectively betaytsoHere too, the overlap of the high
volatility portfolio with the high IV categories imore pronounced than the overlap with the
high beta category. The high vol portfolio puts sahntial weight on the medium and low beta
stocks. However, the overlap of the high volatilagrtfolio with high beta sorts (shown in
Figure 4) is more pronounced than the overlap eflthv volatility portfolio with low beta
sorts (shown in Figure 3). Despite this nuance,réfselts in Figure 3 and Figure 4 suggest
that when creating cap-weighted portfolios of lowVatility and high volatility stocks, there is
a remarkable overlap with IV sorted portfolios litite overlap with beta sorted portfolios,
thus confirming the results in sub section 3.1 sfrang link between volatility and IV and a
weaker albeit positive link between volatility abelta.
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Figure 4: Composition of high volatility portfolio by 1V (respectively beta) categories.

The graph displays the weight of IV and beta catggothe high volatility quintile portfolio. Allisk measures

are estimated from the 24-60 prior monthly retubservations. Data is from CRSP for all stocks tist& the

NYSE/Amex/Nasdaq, and from Kenneth French’s welsit¢the Fama and French factors. Portfolios are

formed once a month for the period January 196B¢cember 2013.
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To provide additional perspective on the relati@wkeen volatility sorts versus sorts on the
components of volatility, we report the weighteciage beta, and weighted average IV for
the high and low volatility portfolios in table Blote that the weighted average beta is equal
to the portfolio beta, while the weighted averagad not equal to portfolio IV since part of
the stock-level idiosyncratic volatility will be \krsified away when combining low or high
volatility stocks in a portfolio. Our objects ofterest however are stock-level characteristics,
and therefore we report weighted averages ratlaar tisk measures at the portfolio level.
Note that we weight stock-level risk measures l®y ittarket cap weight of the respective
stock in the relevant portfolio to come up with theighted average. We report both the time
series average, as well as the standard deviatientone, for the monthly observations of
weighted average beta and IV. Note that, for eds®mparison of the results across IV and
beta, we have normalised stock-level IV measurdiiding it by the weighted average
across all stocks. Thus, a value of 1 indicates$ tiwa stock-level risk is identical to the
weighted average across all stocks. In the cagetaf this property results directly from the
definition of beta and no normalisation is needed.

Table O: Stock-level characteristicsin Volatility Sorted Portfolios. Beta and |V

The table displays the time series average, asasgdihe time series standard deviation of weightestage risk
measures calculated each month for volatility sdrpertfolios. For comparison, the table also indEs this
information for portfolios that have been built grting on the relevant risk measure itself. Aticktlevel risk
measures are normalised to one by dividing the m&asure by the weighted average risk measure si@ibs
stocks. Monthly average weighted risk measurescateulated from stock-level risk measures estimatih
returns prior to the portfolio formation date. Thiee series average and time series standard dewiaif
weighted averages are calculated from the timesseof all monthly weighted averages over the pelembary
1966 to December 2013.

Panel A: Weighted Average Beta asrstocks in...
Low Vol Low Beta High Vol High Beta
Quintile Portfolio  Quintile Portfolio QuintilePortfolio  Quintile Portfolio
Time Series Mean 0.68 0.38 2.04 2.10
Time Series Std Dev 0.12 0.17 0.35 0.28
Panel B: Weighted Average Normalised IV across stocks in...
Low Vol Low IV High Vol Quintile High IV
Quintile Portfolio  Quintile Portfolio Portfolio Quintile Portfolio
Time Series Mean 0.72 0.71 2.46 2.57
Time Series Std Dev 0.04 0.04 0.22 0.20
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Table 0 compares the weighted average stock-lengl measures of volatility-sorted
portfolios to those of portfolios that have beentesd directly on the relevant risk measure.
This provides a different assessment of the ovdrépeen volatility sorts, and sorts on IV or
beta. The results in Table 0 confirm our conclusimom looking at the weight allocated to
different categories of stocks. We see in Tablead $tocks in the low volatility portfolio have
an average IV (0.72) that is very close to stockshe low IV quintile (0.71). In contrast,
stocks in the low vol portfolio have an averageal@t68) that is much higher than for stocks
in the low beta portfolio (0.38). Moreover, the é@nvariation in the average stock-level
characteristics is noteworthy. While the Low Volrffalio’'s average beta varies over time
with a standard deviation of 0.12, its weightedrage IV only varies with a standard
deviation that is three times smaller at 0.04. Thiusecomes clear that the beta of stocks in
low volatility portfolios is not only quite differg from that displayed by low-beta stocks, but
it also varies greatly over time, suggesting thaittfplios of low volatility stocks do not
reliably consist of low beta stocks.

Overall, the results discussed in this section ssgthat the IV component is dominant in
explaining low volatility sorts, simply because ctdevel volatility is mainly driven by the

firm specific risk component as opposed to systemask which plays a lesser role.
Moreover, when looking at the time series of rislaracteristics of stocks, we find that the
relationship between low volatility stocks and Ideta is not only weak, but also highly
unstable.

After having assessed the link between volatilitg &s systematic and specific components
in the cross section of individual securities, vesvrturn to an analysis of portfolio returns of
volatility sorts.

4. Sorting out portfolio returns

While assessing the relationship between differesikt measures, and the overlap of weights
in volatility sorted portfolios reported in secti@nprovides direct evidence on how different
risk components are related to volatility, thistaet assesses which influence the different
risk components have on the risk and return proggexf volatility sorted portfolios. We
augment the standard single factor and four fatiodels with risk-based factors (a low beta
factor and a low IV factor), and assess factor eypes of portfolios based on volatility sorts.
We also attribute the returns and the risk of viithasorted portfolio to these factor exposures
to provide intuitive insights into the relative iompance of the different risk-based factors.
Below, we first introduce the risk-based factosttve employ, before turning to a discussion
of factor exposures and attribution results.

4.1. The factors

We introduce two risk-based factors which corresptmreturn differences obtained when
sorting stocks based on beta, and respectivelydmsyincratic volatility. Similar to the
analysis based on characteristics in the crossoseat stock returns, our aim is to assess the
risk components driving volatility sorts. In order capture the two components underlying
low volatility sorts, we use a low beta factor antbw IV factor, which have been detailed in
subsection 3.3. In particular, we use a low betdofaintroduced by Frazzini and Pedersen
(2014), which is constructed from a long positionow beta stocks and a short position in
high beta stocks. In addition, following Scheredl2) and De Leote et al (2012) we further
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augment our factor model with an IV factor. We donst this factor from the sorts discussed
above, i.e. we create quintiles portfolios of s®skrted on IV relative to the market factor, as
well as relative to the Fama-French 3 factor model.

Before analyzing how volatility sorted portfolioseaexposed to these factors, it is insightful
to assess the properties of the factors themselwegarticular, for the analysis to be
meaningful, we would like to understand whetherséhéwvo factors really capture different
cross sectional dimensions of returns. The sumrsiatystics in table 1 provide an overview
of the properties of the two idiosyncratic volagilfactors (relative to the single factor model,
denoted “CAPM IVOL”", and relative to the three factmodel denoted “FF IVOL”"), as well
as the BAB factor of Frazzini and Pedersen (20h4dl)the market factor (excess returns over
1 month Treasury Bills of the CRSP value weightetkk).

Table 1. Risk-based long/short factor portfolios. Descriptive statistics.

The table displays descriptive statistics for mbntieturns over the period January 1966 to Decemd@t3.
Average returns, standard deviations and alphasarsualized. The Market factor is from Kenneth [Eféa
website. The BAB factor is from Andrea Frazziniebsgite. The IV factor is constructed with stoclelaata
from CRSP, using the returns of the low quintiletfotio vs. the high quintile portfolio. t-statiss marked with
* correspond to estimates of the mean that areiagmtly different from zero at the 5% level. Skess and
kurtosis are estimated using the Kim and White 42006bust skewness and kurtosis methodology.

Panel I: Summary statistics of factor returns

Mkt BAB CAPM IVOL FF IVOL
Mean 5.71% 10.38% 5.80% 6.93%
Std Dev 15.86% 11.55% 24.27% 23.50%
t-statistic 2.49* 6.22* 1.66 1.85
Skewness -0.04 0.02 -0.06 -0.09
Kurtosis -0.06 0.26 0.15 0.27
Panel II: Average returns left unexplained by expego other risk factors
CAPM Alpha - 10.70% 9.90% 10.94%
t-statistic - 4.56* 4,13* 3.49*
3-Factor Alpha - 8.07% 8.89% 8.29%
t-statistic - 3.97* 5.09* 4.20*
Panel Ill: Correlations between factor returns

Mkt BAB CAPM IVOL FF IVOL
Mkt 1 -0.08 -0.54 -0.55
BAB 1 0.36 0.38
CAPM IVOL 1 0.97
FF IVOL 1

The correlation coefficients for pairs of factotums in Panel Il of Table 1 show that the
systematic risk factor (BAB) and the idiosyncraigk factor (IVOL) have positive but low
correlation at around 0.4. Moreover, the result®amel | of Table 1 confirm that there is a
pronounced difference for these two factors, ds aisd return characteristics differ widely
between the BAB factor (with an annual mean of ad®3%6 and volatility of about 12%) and
the IVOL factors (with annualised mean of about &% annualised volatility of about 24%).

Moreover, standard factor models fails to explamteturns to the BAB and IVOL factors, as

evidence by the results in Panel Il. In fact, theBBand IVOL factor returns show significant
positive alphas when adjusting their returns fqgrasure to common, risk factors.
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It also appears that the IVOL factor calculatechtreé to a Fama-French systematic return
component is similar to the factor using only tharket factor to define systematic risk. The
correlation is 0.97. In the following discussiorg ¥ocus on this CAPM version of IVOL, and
provide a robustness check in section 5 and imgipendix where we use an IVOL factor that
is defined relative to the Fama and French thre®faystematic return component.

4.2. Factor exposures

We assess the factor exposures of volatility sop@dfolios in basic factor models, notably
the single factor model and the Carhart (1997) ffaator model. We then test several
augmented versions of these two basic factor mpdélsre we augment them with only the
IVOL factor, with only the BAB factor, or with botfactors. A question of interest is how the
models augmented with a single risk-based factar fampared to the models augmented by
both risk-based factors. Answering this questiotl lgad to a better understanding of the
drivers of the low volatility effect. For exampld, both factors are equally important in
explaining volatility sorted portfolio returns, omeuld expect significant exposures to both
factors, even when they are included together & fdctor model. Moreover, one would
expect a clear increase in the explanatory powérefodel over models which include only
one of the factors. To the contrary, if one of thetors dominates the other in explaining
volatility sorted portfolio returns, adding the esad (dominated) risk-based factor to an
existing model with only the first (dominant) ritlesed factor is expected to yield no
considerable improvements in explanatory power.tHa extreme, the volatility sorted
portfolios may not even load significantly on tlezsnd factor in the presence of the first. The
elegance of multivariate regressions is that tleofaloadings provide an estimate of the
marginal impact of a factor in the presence ofdtier factors.

We report results for various specifications oftéaanodels in explaining the returns to the
low volatility portfolio, high volatility portfoliq and the low-minus-high (LMV) volatility
portfolio, in Table 2, Table 3, and Table 4. Cortthg the analysis of the high and low
quintiles separately before turning to the LMH (lovinus high) portfolio is of interest, as it is
has been shown that the low risk effect is typjcatlost pronounced in the high quintile as
opposed to the low quintile, i.e. the return prdipsrof the low volatility quintile is not very
different from the middle quintiles, while the higisk quintile does display differences and
drives the low risk effect (see in particular Lijl8zan and Garcia-Feijoo (2014a) and Bali
and Cakici (2008)).

Table 2: Factor loadings and goodness of fit for factor models for returns of low volatility

portfolio.

The table displays regression coefficients and @iased t-statistics, as well as the goodness dffijusted R-
square) of regressions of excess returns of thp-(egighted) low volatility quintile portfolio on set of factor
returns. For monthly returns over the period Janud966 to December 2013. The Market factor is from
Kenneth French’s website. The BAB factor is frordr@a Frazzini's website. The IV factor is constadtivith
stock level data from CRSP, using the returns eflthv quintile portfolio versus the high quintilergfolio. t-
stats marked with * correspond to coefficient eat@s that are significant at the 5% level. T-stafsorted are
adjusted for heteroscedasticity and serial correlatusing Newey-West method.

Market + Risk-based factors Carhart + Risk-based factors

CAPM +BAB +IVOL All Carhart +BAB +IVOL All
Alpha 0.01 -0.01 -0.02 -0.02 0.00 -0.01 20.0-0.02
t-statistic 0.92 -1.38 -2.92* -3.35* 0.06 -0.91 -2.96* -3.09*
BAB 0.20 0.04 0.13 0.02
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t-statistic 3.46* 1.57 4.71* 1.30

IVOL 0.25 0.24 0.23 0.22
t-statistic 23.04* 25.30* 16.39* 14.01*
Mkt 0.70 0.71 0.91 0.90 0.81 0.80 091 0.91
t-statistic 21.01* 32.56* 80.64* 80.49* 44.24* 50.65* 71.86* 72.07*
SMB -0.30 -0.30 -0.02 -0.03
t-statistic -10.27* -11.27* -0.63 -0.85
HML 0.22 0.15 0.07 0.06
t-statistic 4.96* 4.05* 221 210
MOM 0.02 -0.01 0.01 0.01
t-statistic 045 -0.35 041 0.24
R 0.76 0.79 0.91 0.91 085 086 091 0.91

When assessing the results in Table 2 it is usefullistinguish between the augmented
versions of the single factor model and the augeteueérsion of the Carhart model.

The left hand side of Table 2 shows that the mélidetor alone accounts for about 76% of
the variability of returns of the low volatility gqutile portfolio. This is not surprising as the
market factor tends to be dominant in any long @bdgk portfolio, as long as it is reasonably
well-diversified. Augmenting the single factor mbdg the BAB factor leads to a statistically
significant factor loading for BAB, but only to aamginal increase in the goodness-of-fit to
about 79%. These results suggest that, whiletruis that low volatility portfolios load on a
low systematic risk factor, this loading is weakexplaining the variability of returns. In
contrast, when adding the low IV factor to the neaflactor, not only is the factor loading to
IVOL highly significant, but also do we observe w@stantial increase in the percentage of
variability of returns that is explained by the tvaators (market factor and IVOL factor) with
an R-squared of about 91%. Interestingly, when ragidhe BAB factor in addition to the
IVOL factor, the R-squared remains at 91%. Thesealte suggest that the low systematic risk
factor does not add to the explanation of low \viatreturns over and beyond what is
explained by the low idiosyncratic risk factor. Mower, it should be noted that in the
presence of the IVOL factor, the factor loading tbe BAB factor is not statistically
significant at conventional levels with a t-statisif about 1.6.

The right hand side of Table 2 is based on the &afbur factor model as the base model.
Compared to the results with augmented versionshefsingle factor model, we obtain
broadly similar results concerning the importan€eadding the different risk-based factors.
The Carhart model allows capturing return compasmehthe low volatility portfolio that are
related to value, momentum and size factors. I, the low volatility portfolio displays a
significantly positive value exposure and signifity negative size exposure. Overall, the
four Carhart factors allow capturing 85% of variaypiof returns of the low vol portfolio,
compared to 76% that were captured by the mark&difalone. This increase in goodness-of-
fit is unsurprising as the higher number of factsf®uld lead to a higher R-squared.
However, when assessing the impact of augmentiagrnbdel with a BAB factor, an IVOL
factor, or both risk-based factors, the conclusiobisined from the analysis using the single
factor model carry over to the analysis with theh@a model. In particular, while exposure
to the BAB factor is significant in the absencetloé IVOL factor, it becomes statistically
indistinguishable from zero when the BAB factorinsluded alongside the IVOL factor (t-
statistic of 1.3). Moreover, the goodness of fitled model including BAB and IVOL factors
is indistinguishable from the one including onle ttvOL factor, with both models leading to
an R-squared of 91%.
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Overall, it thus appears that the low IV factor dioates the low beta factor in explaining
returns of the cap-weighted low volatility portimli

Table 3 shows our analysis of factor exposureshi®high volatility quintile portfolio.
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Table 3: Factor loadings and goodness of fit for factor models for returns of high volatility

portfolio.

The table displays regression coefficients and ciased t-statistics, as well as the goodness ¢Rfisquared) of
regressions of excess returns of the (cap-weighiegl) volatility quintile portfolio on a set of faw returns.
For monthly returns over the period January 19660ecember 2013. The Market factor is from Kenneth
French’'s website. The BAB factor is from Andreazziai's website. The |V factor is constructed vdtbck
level data from CRSP, using the returns of thedoimtile portfolio vs. the high quintile portfolit-stats marked
with * correspond to coefficient estimates that aignificant at the 5% level. T-stats reported adjusted for
heteroscedasticity and serial correlation using MgwWest method.

Market + Risk-based factors Carhart + Risk-bdaetbrs
CAPM +BAB +IVOL All Carhart +BAB +IVOL All
Alpha -0.10 -0.04 -0.02 -0.01 -0.07 -0.05 -0.01 .0%10
t-statistic -3.60* -1.38 -2.45 -1.41 -3.99* -2.68* -1.10 -0.79
BAB -0.56 -0.09 -0.41 -0.07
t-statistic -5.17* -3.13* -5.49* -2.39
IVOL -0.72 -0.70 -0.72 -0.70
t-statistic -26.04* -25.33* -23.86* -22.49*
Mkt 1.63 1.60 1.03 1.04 1.33 1.36 1.01 1.02
t-statistic 21.69* 31.82* 37.45* 39.18* 26.96* 29.71* 37.92* 38.29*
SMB 0.87 0.87 -0.02 0.00
t-statistic 14.39* 14.89* -0.39 0.02
HML -0.52 -0.30 -0.04 -0.02
t-statistic -6.39* -3.36* -0.94 -0.38
MOM -0.11 -0.03 -0.09 -0.08
t-statistic -1.89 -0.51 -3.09* -2.52*
R? 0.73 0.78 0.96 0.97 0.86 0.88 0.97 0.97

A notable difference in the factor exposures oftitgh volatility portfolio is that the loadings
on the BAB factor remain significant (with t-staits of around -5) even in the presence of
the IVOL factor. This is true in both the augmentedsions of the single factor model and of
the four factor model. While the results in Tablsuygest that low volatility portfolios are
really mainly about gaining positive exposure te MMOL factor, Table 3 shows that the high
volatility portfolio is about gaining negative exqoe to both the IVOL and BAB factor. In
this sense, the exposure across both risk comporienstronger for the high volatility
portfolio than for the low volatility portfolio.

Interestingly, it has been pointed out that the iecad evidence of what is termed the “low
volatility” effect, i.e. the positive return diffence between portfolios of low volatility stocks
over high volatility stocks, is mainly driven byetleturns to high volatility stocks. In fact, an
empirical regularity is that high volatility stockend to have low returns compared to the
average across all stocks, while low volatilityckt® have returns that are not much different
from the average across all stocks (see for exaiplg-Marx 2014). Our finding that high
volatility stocks are negatively exposed to botk tOL and the BAB factor, while low
volatility stocks are only exposed to the IVOL farcbut not to the BAB factor, may provide
an explanation of this empirical regularity. It siisbalso be noted that this result concerning
factor exposures is consistent with the result Weaioed when analyzing the overlap of
portfolio weights in section 3 (Figures 3 versugure 4).
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However, despite the high volatility portfolio m#&aming significant loadings to the BAB
factor in the presence of the IVOL factor, the &ddal explanation provided by the BAB
factor is small. In fact, the R-squared increasesnf96% to 97% when adding the BAB
factor to the market factor and IVOL, and remailmsast unchanged at 97% when adding the
BAB factor to the Carhart factors and the IVOL tactOverall, while the systematic risk
effect is more pronounced in the high volatilityrgpolio than it is in the low volatility
portfolio, the results still suggest that the iglosratic component is the main driver of
returns.

To assess overall differences in the cross sedifi@tocks resulting from sorts on volatility,
we now turn to the low minus high volatility poriitm Table 4 presents the results of our
factor regressions.

Table 4. Factor loadings and goodness of fit for factor models for returns of low minus

high volatility portfolio.

The table displays regression coefficients and eiaged t-statistics, as well as the goodness ¢Rfisquared) of
regressions of excess returns of the return diffeeebetween the (cap-weighted) low and high vélatjuintile

portfolios on a set of factor returns. For montinéturns over the period January 1966 to December320he
Market factor is from Kenneth French’'s website. B®B factor is from Andrea Frazzini’s website. Tie
factor is constructed with stock level data fromSER using the returns of the low quintile portfol& the high
quintile portfolio. t-stats marked with * correspibitio coefficient estimates that are significantreg 5% level.
T-stats reported are adjusted for heteroscedagtaitd serial correlation using Newey-West method.

Market + Risk-based factors Carhart + Risk-based factors

CAPM +BAB +IVOL All Carhart +BAB +IVOL All

Alpha 0.11 0.02 0.00 -0.01 0.07 0.04 -0.01 -0.01
t-statistic  3.04*  0.73 0.35 -0.73 3.23* 1.85 -1.05 -1.40
BAB 0.76 0.13 0.55 0.09
t-statistic 4.68* 4.62* 5.42* 3.18*
IVOL 0.97 0.94 0.95 0.93
t-statistic 41.63* 40.35* 32.90* 30.89*
Mkt -0.93 -0.88 -0.12 -0.14 -0.52 -0.56 -0.10 .1
t-statistic  -8.71* -13.09* -4.10* -5.03* -8.28* -10.08* -3.80* -4.38*
SMB -1.16 -1.17 0.00 -0.03
t-statistic -14.58*  -15.77* 0.09 -0.47
HML 0.75 0.45 0.11 0.08
t-statistic 6.69* 4.03* 3.47* 2.47
MOM 0.12 0.02 0.10 0.08
t-statistic 1.58 0.24 3.82* 3.07*
R? 0.34 0.46 0.95 0.95 0.68 0.73 0.95 0.95

Table 4 confirms that the BAB factor is dominatedthe IVOL factor when it comes to
capturing the time series variation in returns atatility sorted portfolios. In particular, we
can see that the percentage of return variancheof MH portfolio captured by the market
factor and the IVOL factor is 95% and adding the BBAactor does not increase this
percentage. Again, similar results hold for the megted versions of the Carhart model.
Moreover, even though the LMH portfolio loads sfgrantly on the BAB factor in the
presence of the IVOL factor (t-statistics of 4.2 the augmented single factor model and
3.18 for the augmented Carhart model), the BABdiatbadings (close to 0.1) are much
lower in magnitude than the IVOL factor loadingkée to 0.9).
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However, factor loadings alone are difficult to ergret from a practical perspective.
Therefore, in the next section, we present an arslyf return and risk attribution of the
volatility sorted portfolios with respect to thekifactors.

4.3. Performance and risk attribution

Based on the factor exposures of a portfolio passible to break down the contribution of
different factors to the overall portfolio outconmeterms of return and risk. The analysis of
factor exposures has a key advantage and a keybdcaw The advantage is that return
contributions and risk contribution are easily iptetable and provide an idea of the
economic significancef the different effects. The drawback is thatstheontributions do not
allow gaining insights into thestatistical significanceof the effects, as one loses the
information on standard errors around point est@sidhat is provided in regression outputs.
We thus see this analysis as a useful complemehetanalysis of factor exposures provided
in Tables 2, 3 and 4.

Figure 5 shows the contributions of different ridctors when we consider the factor
exposures we have estimated using the full fledgedactor model including the market,
value, size, momentum, BAB and IVOL factors. Th& lend side of figure 5 shows the
return attribution, which is based on the estimd#ador exposures in conjunction with the
estimated factor return (average annualized prefpnfanthe respective factor. The right hand
side of Figure 5 displays the contribution of edabtor to portfolio volatility, based on
estimated factor exposures and the estimated emariacross factors (see subsection 2.3 for
a more detailed description).

Figure 5. Return and Risk Attribution for Portfolios based on volatility sorts.

The graph displays the contribution of common fésttors to returns and volatility of different vtilay-sorted
portfolios. Return contributions are expressedamts of contribution to annualised portfolio retsrrand are
computed by multiplying factor exposures of thepeetive portfolio with the annualised returns of th
corresponding factor. Volatility contributions aexpressed in terms of contribution to monthly vace See
section 2.3 for a detailed description of factordals and attribution methods. The factor model esponds to
the Carhart model augmented with BAB and IVOL fiactas on the rightmost column of tables 2, 3, 4nd
Data is from CRSP for all stocks listed on the NM&tex/Nasdaq, from Kenneth French’s website for the
Carhart factors and from Andrea Frazzini's webdidethe BAB factor. We compute the IVOL factorratables

2, 3 and 4. Portfolios are formed once a month fhe period January 1966 to December 2013.

Return Atftribution Volatility Attribution
0.1 0.90%
0.80%
0.70%

0.08

0.0 Interaction

Alpha  0.60%
Resid
0.04 BIVOL  0.50% IVe;lL
n
0.02 BAB 0.40%
BAB
0 =MOM  0.30% B MOM
HML
0.02 | 0.20% HML
uSMB
0.10% u SMB
-0.04 B Mkt.RF
0.00% B Mkt.RF
-0.0¢6 -0.10%
-0.08 -0.20%
Low Vol High Vol LMH Low Vol High Vol LMH

The left hand side of Figure 5 shows the contringiof the different factors to annualised
portfolio returns of the low volatility portfoliothe high volatility portfolio, and the return
difference between the two, i.e. the low minus hygitatility portfolio. The IVOL factor
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contributes about 1.5% annual returns to the lovatiiby portfolio, while it contributes -
4.7% to the annual return of the high volatilityripalio. In contrast, the BAB exposure only
contributes 0.2% annual returns to the low volgtiiortfolio and -0.7% annual return to the
high volatility portfolio. For the LMH portfolio, e low IV factor exposure contributes about
6 percent annual returns while the low beta factmtributes about 1 percent.

The right hand side of Figure 5 shows the contrdoubf the different factors to monthly
variance of the three portfolios derived from vibikgtsorts. Visual inspection of the plots
representing the volatility attribution show thiag tow IV factor accounts for about one tenth
of the volatility of the low volatility portfoliofor about one third of the volatility of the high
volatility portfolio, and for about four fifths ahe volatility of the LMH portfolio while the
low beta factor has a negligible contribution tdawidity for all three portfolios.

Overall, the conclusions derived from the analysfifactor exposures thus carry over to
return and volatility attribution: BAB and IVOL ctnibute to the return and risk of portfolios
that are based on sorting stocks by their volgtibut the low idiosyncratic risk factor makes
a much larger contribution than the low systemiasic factor.

5. Robustness Checks

We conduct five different robustness checks ofrtfan results presented above by varying
the setup in different ways. For the sake of byewvite provide a brief overview of the results
of these robustness checks in this section, whoeiging detailed results in the appendix to
this paper. The changes in setup have been deddnlraore detail in subsection 2.4 above.
Our general conclusion across the different pdrtheanalysis above is that volatility sorted
portfolios are exposed both to an idiosyncraticatibty effect and a beta effect, though the
idiosyncratic volatility effect clearly dominate®th the portfolio composition and the risk
factor exposures of portfolios based on volatsityts.

In order to provide some perspective on the rolasstrof this conclusion in a brief overview,
Table 5 shows the ratio between the IV effect dredlow beta effect observed in different
tests. For example, we report the ratio betweempéneentage weight of low IV stocks in low
volatility portfolios, and the percentage weight lofv beta stocks in the low volatility
portfolio. While these percentages are time varyifog brevity we consider the average
percentage weight observed over all monthly padhignalysis from 1966 to 2013. If the low
IV effect is stronger than the low beta effect kplaining the composition of low volatility
portfolios, we would observe a larger percentageghteof low IV stocks than of low beta
stocks, and the ratio would be greater than 1.18ihyj if the low beta effect dominated in the
low volatility portfolio, we would expect the ratiwould be less than 1.

Table 5 reports several key results such as thaited ratio of weights, in order to assess the
relative importance of 1V effect compared to théabeffect. For all considered measures, if

the resulting ratio exceeds one, our key conclusibthe dominance of the IV effect holds
across different setups.

Table 5: Overview of Robustness Checks.
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The table displays an extract of results from tahifethe appendix. A key results ratio of one iatlis that the
low IV and low beta effect are of equal importan8eratio greater than (less than) one indicatest tthee IV
effect (beta effect) dominates.

Change in setup
Equal Fama Deciles Beta
Weekly weighted French instead o adjusted

Key result ratio data portfolios IV quintiles IVOL
Avg. weight of low IV stocks in low vol portfolio / )
Avg. weight of low beta stocks in low vol portfolio 5.82 1.61 5.53 2340

Avg. weight of high IV stocks in high vol portfolib 1.08 1.59 1.12 1.36 )

Avg. weight of high beta stocks in high vol porifol
R-squared for regression of LMH returns on Mkt+IVOL
R-squared for regression of LMH returns on Mkt+BAB 1.99 1.67 2.03 1.89 1.92

R-squared for regression of LMH returns on CarHat®t /
R-squared for regression of LMH returns on Carta#tB 1.26 1.06 1.27 1.19 121

Returns to LMH attributable to IVOL factor /
Returns to LMH attributable to BAB factor / 2.30 1.23 4.64 4.66 2.48
Volatility of LMH attributable to IVOL factor / 240 15 217 219 62

Volatility of LMH attributable to BAB factor /

The results displayed in Table 5 show that the Idwffect is more pronounced than the low
beta effect across the different setups we uséektdhe robustness of results in our base case.
Detailed results can be obtained in the appendix.

6. Conclusions

Researchers studying portfolios based on volaslists have recently recognized that, despite
the substantial amount of research on these sieateand despite their wide use in practice,
the precise link between such portfolios and the beta effect on the one hand, and the low
idiosyncratic risk effect on the other hand, idl sthclear. In fact, there has not been any
detailed empirical evidence on such links.

We provide such an assessment, establishinglimstie low beta and low IV factors are two
separate factors with distinct risk/return pro=tiWwhen assessing the portfolio composition
and the factor exposures of low volatility portésj we find that they are mainly driven by
exposure to low IV effects rather than exposuréoto beta effects. This result is consistent
with the dominance of the idiosyncratic componentindividual stock return volatilities,
leading portfolio sorts based on volatility to maditeck selection decisions mainly based on
idiosyncratic risk.

We hope that our assessment of the return andirig&rs behind this commonly used stock
ranking method provides useful information for dtéeunderstanding of such strategies.
Moreover, the dominance of idiosyncratic volatility portfolios based on volatility sorts
implies that any explanation of the low volatiléffect needs to be consistent with low IV as
the main driver of returns.

We also observe an interesting asymmetry in exgssbetween low volatility and high
volatility portfolios. In fact, while we find sigficant exposure to the low IV factor but
negligible exposure to the low beta factor for lewlatility stocks, we find significant
exposures to both the low beta and low IV facterHigh volatility stocks. This asymmetry
may provide an explanation for a stylised fact obsg in the literature on low volatility
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portfolios, namely that the low volatiilty effectesns mainly from the poor returns of high
volatility stocks rather than high returns of looatility stocks.

There are several possible extensions of our asalyguture research. For example, it may
be of interest to assess the time variation orestipendency of low IV and low beta
exposures of low volatility portfolios. Indeed, tigh this is not a focus of our analysis, our
results in section 3 point to considerable timaesevariability of the relationship between
volatility and beta or idiosyncratic risk. Anothieteresting question left for further research
is that of the identification of the underlying eomic risk factors or state variables for BAB
and IVOL factors which may shed light on the ecoirmomechanisms at work behind these
risk-based factors.
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Appendix

Below, we report detailed results from the robussnehecks. These results were used to
extract the summary provided in Table 5 in SecBaabove. Each of the subsections below
provides the results for a given change in setup.

A.l. Portfolios calibrated using weekly data

Instead of using five years of monthly data to categotal volatility, IV and beta for sorting
portfolios, we now use a calibration period of thigear and use returns data with weekly
frequency. This is similar to the analysis in Bl#zd van Vliet (2007) for example. Overall,
the results presented below suggest that the changmibration period and frequency does
not change our conclusion on dominance of the Ivhpanent within volatility sorted
portfolios.

Figure A.1: Composition of low volatility portfolio by 1V (respectively beta) categories
(weekly data)

The graph displays the weight of each categoryhin lbw volatility quintile portfolio. All risk meases are
estimated from weekly return observations overpttar three years. Data is from CRSP for all stotikgsed on
the NYSE/Amex/Nasdaq, and from Kenneth French’siteefor the Fama and French factors. Portfolio® ar
formed once a month for the period January 196Be¢cember 2013.
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Figure A.2: Composition of high volatility portfolio by IV (respectively beta) categories
(weekly data).

The graph displays the weight of each categonha high volatility quintile portfolio. All risk meares are
estimated from weekly return observations overpttar three years. Data is from CRSP for all stotikgsed on
the NYSE/Amex/Nasdaq, and from Kenneth French'siteefor the Fama and French factors. Portfolio® ar
formed once a month for the period January 196Be¢cember 2013.
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Table A.1: Factor loadings and goodness of fit for factor models for returns of low volatility
portfolio (weekly data).

The table displays regression coefficients and ciased t-statistics, as well as the goodness ¢Rfisquared) of
regressions of excess returns of the (cap-weightedyolatility quintile portfolio on a set of famtreturns. For
monthly returns over the period January 1966 to é&wsber 2013. The Market factor is from Kenneth Frénc
website. The BAB factor is from Andrea Frazziniabgite. The IV factor is constructed with stoclelelata
from CRSP, using the returns of the low quintiletfotio versus the high quintile portfolio. t-statsarked with *
correspond to coefficient estimates that are sigaift at the 5% level. T-stats reported are adjdsfer
heteroscedasticity and serial correlation using gwWVest method.

CAPM + Risk Components FF/Carhart + Risk Components
CAPM +BAB +IVOL All FF/ +BAB +IVOL All
Carhart

Alpha 0.01 -0.01 -0.01 -0.01 0.00 -0.01 -0.01 -0.01
t-statistic 0.96 -1.33 -1.54 -2.41 0.18 -0.87 -1.80 -2.21
BAB 0.20 0.05 0.14 0.05
t-statistic 3.59* 1.84 5.16* 2.20
CAPM IVOL 0.23 0.22 0.21 0.20
t-statistic 17.88* 19.66* 13.19* 11.37*

Mkt 0.71 0.72 0.91 0.91 0.81 0.80 0.91 0.91
t-statistic 20.33* 29.52* 52.34* 53.02* 37.86* 45.39* 53.46* 53.52*
SMB -0.29 -0.29 -0.03 -0.04
t-statistic -10.01* -11.45* -0.90 -1.30
HML 0.19 0.12 0.04 0.03
t-statistic 3.86* 3.04* 1.32 0.82
MOM 0.03 0.00 0.03 0.02
t-statistic 0.82 0.09 0.99 0.77

R2 0.78 0.81 0.91 0.91 0.86 0.87 0.91 0.91
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Table A.2: Factor loadings and goodness of fit for factor models for returns of high
volatility portfolio (weekly data).

The table displays regression coefficients and ciased t-statistics, as well as the goodness ¢Rfisquared) of
regressions of excess returns of the (cap-weighiegl) volatility quintile portfolio on a set of faw returns.
For monthly returns over the period January 19660ecember 2013. The Market factor is from Kenneth
French’'s website. The BAB factor is from Andreazziai's website. The |V factor is constructed vatbck
level data from CRSP, using the returns of thedoimtile portfolio vs. the high quintile portfolit-stats marked
with * correspond to coefficient estimates that aignificant at the 5% level. T-stats reported adjusted for
heteroscedasticity and serial correlation using MgwWWest method.

CAPM + Risk Components FF/Carhart + Risk Components
CAPM +BAB +VOL All FF/ +BAB +VOL All
Carhart

Alpha -0.07 -0.01 -0.01 0.00 -0.05 -0.02 0.00 0.00

t-statistic -2.44 -0.34 -1.35 -0.28 -2.59* -1.30 -0.13 0.22
BAB -0.62 -0.11 -0.45 -0.09
t-statistic -5.70* -3.79* -6.26* -3.25*
CAPM IVOL -0.77 -0.75 -0.77 -0.74
t-statistic -36.03* -35.67* -35.82* -33.30*

Mkt 1.69 1.65 1.01 1.03 1.36 1.39 1.00 1.01
t-statistic 20.63* 33.93* 41.59* 44.22* 25.88* 32.24* 41.18* 42.49*

SMB 0.92 0.91 -0.02 0.01

t-statistic 13.39* 13.70* -0.43 0.24
HML -0.62 -0.39 -0.08 -0.05

t-statistic -6.98* -4.68* -1.87 -1.21
MOM -0.08 0.00 -0.07 -0.06
t-statistic -1.16 0.04 -2.33 -1.83

R2 0.72 0.77 0.97 0.97 0.86 0.89 0.97 0.97

Table A.3: Factor loadings and goodness of fit for factor models for returns of low minus

high volatility portfolio. (weekly data)

The table displays regression coefficients and ciased t-statistics, as well as the goodness ¢Rfisquared) of
regressions of excess returns of the return diffeecbetween the (cap-weighted) low and high vdjatjuintile

portfolios on a set of factor returns. For montinéturns over the period January 1966 to December320he
Market factor is from Kenneth French’'s website. B®B factor is from Andrea Frazzini’s website. Tie
factor is constructed with stock level data fromSER using the returns of the low quintile portfol@ the high
quintile portfolio. t-stats marked with * correspibiio coefficient estimates that are significantret 5% level.
T-stats reported are adjusted for heteroscedaygtamitd serial correlation using Newey-West method.

CAPM + Risk Components FF/Carhart + Risk Components
CAPM +BAB +VOL All FF/ +BAB +VOL All
Carhart

Alpha 0.08 0.00 0.00 -0.01 0.05 0.02 -0.01 -0.02
t-statistic 2.19 -0.05 0.32 -1.03 2.13 0.75 -1.13 -1.59
BAB 0.82 0.16 0.59 0.13
t-statistic 5.14* 6.21* 6.50* 4.93*
CAPM IVOL 1.00 0.96 0.98 0.94
t-statistic 51.95* 54.22* 36.13* 34.19*
Mkt -0.98 -0.93 -0.10 -0.12 -0.55 -0.59 -0.08 -0.11
t-statistic -8.64* -13.43* -2.95* -4.00* -7.93* -10.75* -2.74* -3.65*
SMB -1.20 -1.20 -0.01 -0.05
t-statistic -13.85* -14.97* -0.10 -0.87
HML 0.81 0.50 0.12 0.08
t-statistic 6.61* 4.91* 2.98* 1.92
MOM 0.11 0.00 0.10 0.07

t-statistic 1.18 0.00 3.22* 2.47

R2 0.35 0.47 0.94 0.95 0.70 0.75 0.95 0.95
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Figure A.3: Return and Risk Attribution for Portfolios based on volatility sorts. (weekly

data)

The graph displays the contribution of common féttors to returns and volatility of different vtilay-sorted
portfolios. See section 2.3 for a detailed deswmipbf factor models and attribution methods. ik measures
and risk premiums are estimated from the weeklyrmebbservations over the prior three years. Datdrom
CRSP for all stocks listed on the NYSE/Amex/Nasaiad),from Kenneth French’s website for the Fama and
French factors. The factor model corresponds toGaghart model augmented with BAB and IVOL factass,
on the rightmost column of tables 2, 3, and 4. fébds are formed once a month for the period Jagpu®66 to
December 2013.
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A.2. Equal-weighting stocks in volatility sortedbolios

Instead of weighting stocks by their market caphimitthe quintile portfolio sorted by
volatility, we hold stocks with equal weights anthrthe same analysis as in the base case
otherwise. The results are reported below.

Figure A.4: Composition of low volatility portfolio by 1V (respectively beta) categories
(equal weighted portfolios)

The graph displays the weight of each categoryhin lbw volatility quintile portfolio. All risk meases are
estimated from monthly return observations overghier five years. Data is from CRSP for all stodisted on
the NYSE/Amex/Nasdaq, and from Kenneth French’siteefor the Fama and French factors. Portfolio® ar
formed once a month for the period January 196Be¢cember 2013.
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Figure A.5: Composition of high volatility portfolio by 1V (respectively beta) categories
(equal weighted portfolios).

The graph displays the weight of each categoryhin tiigh volatility quintile portfolio. All risk meares are
estimated from monthly return observations overpgtier five years. Data is from CRSP for all stodissed on
the NYSE/Amex/Nasdag, and from Kenneth French’'siteetor the Fama and French factors. Portfoliog ar
formed once a month for the period January 196Be¢cember 2013.
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Table A.4: Factor loadings and goodness of fit for factor models for returns of low volatility
portfolio (equal weighted portfolios).

The table displays regression coefficients and ciased t-statistics, as well as the goodness ¢Rfisquared) of
regressions of excess returns of the (equal-weijHtav volatility quintile portfolio on a set of ¢eor returns.
For monthly returns over the period January 19660ecember 2013. The Market factor is from Kenneth
French’'s website. The BAB factor is from Andreazziai's website. The |V factor is constructed vatbck
level data from CRSP, using the returns of the dmintile portfolio versus the high quintile portiwl t-stats
marked with * correspond to coefficient estimatieattare significant at the 5% level. T-stats repdrtare
adjusted for heteroscedasticity and serial correlatusing Newey-West method.

CAPM + Risk Components FF/Carhart + Risk Components
CAPM +BAB +VOL All FF/ +BAB +VOL All
Carhart

Alpha 0.04 0.00 0.02 0.00 0.01 0.00 0.00 -0.01
t-statistic 2.68* 0.09 1.91 -0.12 1.37 -0.14 -0.19 -0.97
BAB 0.32 0.28 0.24 0.18
t-statistic 6.84* 7.67* 9.96* 7.52*
CAPM IVOL 0.13 0.07 0.17 0.12
t-statistic 8.58* 4.12* 8.92* 5.90*
Mkt 0.58 0.60 0.69 0.65 0.64 0.62 0.71 0.68
t-statistic 18.38* 26.00* 23.52* 25.16* 27.62* 34.09* 34.87* 36.86*
SMB 0.09 0.09 0.30 0.24
t-statistic 2.90* 3.23* 8.14* 6.56*
HML 0.43 0.30 0.32 0.25
t-statistic 11.11* 8.83* 8.17* 7.26*
MOM -0.03 -0.08 -0.04 -0.07
t-statistic -1.16 -3.59* -1.68 -3.47*
R2 0.63 0.74 0.69 0.75 0.77 0.82 0.81 0.83

Table A.5: Factor loadings and goodness of fit for factor models for returns of high
volatility portfolio (equal weighted portfolios)

The table displays regression coefficients and eiaged t-statistics, as well as the goodness ¢Rfisquared) of
regressions of excess returns of the (equal-weijiftggh volatility quintile portfolio on a set afdtor returns.
For monthly returns over the period January 19660ecember 2013. The Market factor is from Kenneth
French’'s website. The BAB factor is from Andreazziai's website. The |V factor is constructed vdtbck
level data from CRSP, using the returns of thedoimtile portfolio vs. the high quintile portfolit-stats marked
with * correspond to coefficient estimates that aignificant at the 5% level. T-stats reported adjusted for
heteroscedasticity and serial correlation using HgwVest method.

CAPM + Risk Components FF/Carhart + Risk Components
CAPM +BAB +IVOL All FF/ +BAB +IVOL All
Carhart

Alpha -0.01 0.03 0.06 0.06 0.00 0.01 0.03 0.03
t-statistic -0.37 1.07 4.16* 3.03* -0.17 0.88 2.76* 2.98*
BAB -0.38 0.09 -0.26 -0.08
t-statistic -3.41* 1.28 -4.29* -1.67
CAPM IVOL -0.68 -0.70 -0.39 -0.37
t-statistic -27.67* -23.95* -15.03* -12.71*

Mkt 1.57 1.55 1.00 0.99 1.20 1.22 1.04 1.05
t-statistic 28.05* 31.29* 23.45* 19.63* 41.96* 40.02* 45.49* 40.05*

SMB 1.40 1.40 0.92 0.95
t-statistic 30.20* 32.00* 17.05* 17.07*

HML -0.20 -0.07 0.05 0.08

t-statistic -2.82* -0.95 1.31 1.87
MOM -0.23 -0.18 -0.22 -0.20
t-statistic -4.14* -4.23* -5.89* -5.81*

R2 0.67 0.69 0.88 0.88 0.92 0.92 0.95 0.95
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Table A.6: Factor loadings and goodness of fit for factor models for returns of low minus

high volatility portfolio (equal weighted portfolios)

The table displays regression coefficients and ciased t-statistics, as well as the goodness ¢Rfisquared) of
regressions of excess returns of the return diffeeebetween the (equal-weighted) low and high iiyat
quintile portfolios on a set of factor returns. Foronthly returns over the period January 1966 ta@&meber
2013. The Market factor is from Kenneth French’dsite. The BAB factor is from Andrea Frazzini's sith

The IV factor is constructed with stock level dfitan CRSP, using the returns of the low quintiletfotio vs.

the high quintile portfolio. t-stats marked withcdbrrespond to coefficient estimates that are sigaift at the
5% level. T-stats reported are adjusted for heteedsisticity and serial correlation using Newey-Wasthod.

CAPM + Risk Components FF/Carhart + Risk Components
CAPM +BAB +IVOL All FF/ +BAB +VOL All
Carhart

Alpha 0.05 -0.03 -0.04 -0.06 0.02 -0.01 -0.03 -0.04
t-statistic 1.35 -0.97 -2.55% -4.08* 0.79 -0.80 -2.39 -3.55*

BAB 0.71 0.19 0.50 0.26
t-statistic 4.94* 3.36* 6.39* 5.00*

CAPM IVOL 0.82 0.78 0.56 0.49
t-statistic 34.47* 25.75* 16.59* 13.24*

Mkt -0.99 -0.95 -0.31 -0.34 -0.57 -0.60 -0.32 -0.37
t-statistic -11.66*  -18.89* -8.64* -7.69* -12.06*  -15.74* -10.67* -11.20*

SMB -1.31 -1.31 -0.63 -0.71
t-statistic -19.48*  -22.33* -9.01* -10.79*

HML 0.64 0.37 0.27 0.17
t-statistic 6.33* 4.04* 4.69* 3.02*

MOM 0.19 0.10 0.18 0.13

t-statistic 2.48 1.75 4.01* 3.24*

R2 0.39 0.49 0.83 0.83 0.78 0.82 0.87 0.88
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Figure A.6: Return and Risk Attribution for Portfolios based on volatility sorts (equal

weighted portfolios)

The graph displays the contribution of common féttors to returns and volatility of different vtilay-sorted
portfolios. See section 2.3 for a detailed deswmipbf factor models and attribution methods. ik measures
and risk premiums are estimated from the 24-60rpmonthly return observations. Data is from CRSPdib
stocks listed on the NYSE/Amex/Nasdaq, and froméd€eri-rench’s website for the Fama and French fiacto
The factor model corresponds to the Carhart modginraented with BAB and IVOL factors, as on the nghst
column of tables 2, 3, and 4. Portfolios are fornro@ede a month for the period January 1966 to Deaardb13.
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A.3. Idiosyncratic Volatility Estimated by Fama-Rol Model rather than CAPM

Instead of computing idiosyncratic volatility witlespect to the market factor, we compute
idiosyncratic volatility as the volatility of regi@l returns in a Fama and French three factor
model. This is to maintain comparability with thiedature on idiosyncratic volatility, see in
particular Bali and Cakici (2008). We calculate wth respect to the multifactor model both
when analysing the cross sectional relationshipvéen risk measures and when creating the
IVOL factor in the returns-based analysis. As ia tiase case our calibration period is five
years of monthly data, thus our IV remains a logrgnt calibration rather than the short term
IV computed over a one month window. See the d&ounsn the main part of the paper.

Figure A.7: Composition of low volatility portfolio by 1V categories (1V with respect to
multi-factor model)

The graph displays the weight of each categoryha low volatility quintile portfolio. All risk meases are
estimated from monthly return observations overgtier five years. Data is from CRSP for all stodissed on
the NYSE/Amex/Nasdag, and from Kenneth French’'siteetor the Fama and French factors. Portfoliog ar
formed once a month for the period January 196Bd¢cember 2013.
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Figure A.8: Composition of high volatility portfolio by 1V categories (1V with respect to

multi-factor model)

The graph displays the weight of each categonha high volatility quintile portfolio. All risk meares are
estimated from monthly return observations overgtier five years. Data is from CRSP for all stodisted on
the NYSE/Amex/Nasdaq, and from Kenneth French’'siteefor the Fama and French factors. Portfolio® ar
formed once a month for the period January 196Be¢cember 2013.
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Table A.7: Factor loadings and goodness of fit for factor models for returns of low volatility

portfolio (1'V with respect to multi-factor model)

The table displays regression coefficients and eiaged t-statistics, as well as the goodness ¢Rfisquared) of
regressions of excess returns of the (cap-weighoedyolatility quintile portfolio on a set of famtreturns. For
monthly returns over the period January 1966 to é&wsber 2013. The Market factor is from Kenneth Frénc
website. The BAB factor is from Andrea Frazziniebgite. The IV factor is constructed with stoclelaata
from CRSP, using the returns of the low quintiletiptio versus the high quintile portfolio. t-statsarked with *
correspond to coefficient estimates that are sigaift at the 5% level. T-stats reported are adjdsfer
heteroscedasticity and serial correlation using MgwVest method.

CAPM + Risk Components FF/Carhart + Risk Components
CAPM +BAB +IVOL All FF/ +BAB +IVOL All
Carhart

Alpha 0.01 -0.01 -0.02 -0.02 0.00 -0.01 -0.02 -0.02
t-statistic 0.92 -1.38 -3 1% -3.60* 0.06 -0.91 -2.61* -2.95*
BAB 0.20 0.03 0.13 0.04

t-statistic 3.46* 1.31 4.71* 1.92

CAPM IVOL 0.25 0.24 0.22 0.21
t-statistic 16.11* 17.66* 13.01* 11.24*
Mkt 0.70 0.71 0.90 0.90 0.81 0.80 0.90 0.89
t-statistic 21.01* 32.56* 82.49* 85.60* 44.24* 50.65* 77.73* 83.88*
SMB -0.30 -0.30 -0.05 -0.07
t-statistic -10.27* -11.27* -2.00 -2.25
HML 0.22 0.15 0.03 0.02
t-statistic 4.96* 4.05* 0.99 0.70
MOM 0.02 -0.01 0.01 0.00
t-statistic 0.45 -0.35 0.25 -0.03
R2 0.76 0.79 0.90 0.90 0.85 0.86 0.90 0.90
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Table A.8: Factor loadings and goodness of fit for factor models for returns of high

volatility portfolio (1'V with respect to multi-factor model)
The table displays regression coefficients and ciased t-statistics, as well as the goodness ¢Rfisquared) of
regressions of excess returns of the (cap-weighiegl) volatility quintile portfolio on a set of faw returns.

For monthly returns over the period January 19660ecember 2013. The Market factor is from Kenneth

French’'s website. The BAB factor is from Andreazziai's website. The |V factor is constructed vdtbck
level data from CRSP, using the returns of thedoimtile portfolio vs. the high quintile portfolit-stats marked
with * correspond to coefficient estimates that aignificant at the 5% level. T-stats reported adjusted for
heteroscedasticity and serial correlation using MgwWest method.

CAPM + Risk Components FF/Carhart + Risk Components
CAPM +BAB +VOL All FF/ +BAB +VOL All
Carhart

Alpha -0.10 -0.04 -0.02 -0.01 -0.07 -0.05 -0.01 -0.01
t-statistic -3.60* -1.38 -1.65 -1.02 -3.99* -2.68* -1.44 -1.06
BAB -0.56 -0.07 -0.41 -0.09
t-statistic -5.17* -2.21 -5.49* -2.94*
CAPM IVOL -0.73 -0.72 -0.75 -0.73
t-statistic -36.66* -34.85* -30.67* -29.24*

Mkt 1.63 1.60 1.03 1.04 1.33 1.36 1.02 1.03
t-statistic 21.69* 31.82* 34.76* 36.48* 26.96* 29.71* 38.28* 39.47*

SMB 0.87 0.87 0.04 0.07

t-statistic 14.39* 14.89* 0.77 1.35

HML -0.52 -0.30 0.12 0.14
t-statistic -6.39* -3.36* 2.71* 3.33*
MOM -0.11 -0.03 -0.08 -0.06
t-statistic -1.89 -0.51 -2.51* -1.80

R2 0.73 0.78 0.96 0.96 0.86 0.88 0.96 0.96

Table A.9: Factor loadings and goodness of fit for factor models for returns of low minus

high volatility portfolio (1'V with respect to multi-factor model)
The table displays regression coefficients and ciased t-statistics, as well as the goodness ¢Rfisquared) of
regressions of excess returns of the return diffeecbetween the (cap-weighted) low and high vdjatjuintile

portfolios on a set of factor returns. For montinéturns over the period January 1966 to December320he
Market factor is from Kenneth French’'s website. B®B factor is from Andrea Frazzini’s website. Tie
factor is constructed with stock level data fromSER using the returns of the low quintile portfol@ the high
quintile portfolio. t-stats marked with * correspibiio coefficient estimates that are significantret 5% level.
T-stats reported are adjusted for heteroscedaygtamitd serial correlation using Newey-West method.

CAPM + Risk Components

FF/Carhart + Risk Components

CAPM +BAB +IVOL Al FF/ +BAB +IVoL Al
Carhart

Alpha 0.11 0.02 0.00 -0.01 0.07 0.04 0.00 -0.01
t-statistic 3.04* 0.73 -0.20 -0.85 3.23* 1.85 -0.24 -0.70
BAB 0.76 0.10 0.55 0.13
t-statistic 4.68* 3.04* 5.42* 3.63*
CAPM IVOL 0.98 0.96 0.98 0.94
t-statistic 63.66* 57.70* 41.35* 38.77*
Mkt -0.93 -0.88 -0.12 -0.14 -0.52 -0.56 -0.12 -0.14
t-statistic -8.71* -13.09* -4.32* -4.86* -8.28* -10.08* -4.71* -5.26*
SMB -1.16 -1.17 -0.09 -0.13
t-statistic -14.58*  -15.77* -2.02 -2.88*
HML 0.75 0.45 -0.08 -0.12
t-statistic 6.69* 4.03* -2.29 -3.41*
MOM 0.12 0.02 0.08 0.06
t-statistic 1.58 0.24 2.81* 1.90
R2 0.34 0.46 0.93 0.93 0.68 0.73 0.93 0.93
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Figure A.9: Return and Risk Attribution for Portfolios based on volatility sorts (1V with

respect to multi-factor model)
The graph displays the contribution of common fékors to returns and volatility of different vdilay-sorted
portfolios. See section 2.3 for a detailed deswipbf factor models and attribution methods. ik measures
and risk premiums are estimated from the 24-60rpmonthly return observations. Data is from CRSPdib
stocks listed on the NYSE/Amex/Nasdaqg, and frome€erFrench’s website for the Fama and French fiacto
The factor model corresponds to the Carhart modeginaented with BAB and IVOL factors, as on the rigist
column of tables 2, 3, and 4. Portfolios are fornoede a month for the period January 1966 to Deaardb13.
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A.4. Decile Portfolios instead of Quintile Portiadi

Below, we show the results when sorting stocks @eoiles based on their volatility, rather
than into quintiles in the base case. It shoulahdted that the IVOL factor is unchanged, i.e.
based on the returns of the bottom quintile vetBose of the top quintile portfolio. In this
sense, the analysis is directly comparable to #se lzase. Only the convention for defining
the “high” and “low” volatility sorted portfoliossi changed from using the extreme quintiles
to using the extreme deciles.

Figure A.10: Composition of low volatility portfolio by 1V and beta categories (decile

portfolios used for volatility sorts)

The graph displays the weight of each categoryhm lbw volatility decile portfolio. All risk meases are
estimated from monthly return observations overpher five years. Data is from CRSP for all stodisted on
the NYSE/Amex/Nasdag, and from Kenneth French’'siteetor the Fama and French factors. Portfoliog ar
formed once a month for the period January 196Bd¢cember 2013.
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Figure A.11: Composition of high volatility portfolio by 1V and beta categories (decile
portfolios used for volatility sorts)

The graph displays the weight of each categoryhm liigh volatility decile portfolio. All risk meams are
estimated from monthly return observations overghier five years. Data is from CRSP for all stodisted on
the NYSE/Amex/Nasdaq, and from Kenneth French’'siteefor the Fama and French factors. Portfolio® ar
formed once a month for the period January 196Be¢cember 2013.
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Table A.10: Factor loadings and goodness of fit for factor models for returns of low

volatility portfolio (decile portfolios used for volatility sorts)

The table displays regression coefficients and eiaged t-statistics, as well as the goodness ¢Rfisquared) of
regressions of excess returns of the (cap-weighted)volatility decile portfolio on a set of factoeturns. For
monthly returns over the period January 1966 to &wgber 2013. The Market factor is from Kenneth Frésnc
website. The BAB factor is from Andrea Frazziniabgite. The IV factor is constructed with stoclelelata
from CRSP, using the returns of the low quintiletfoio versus the high quintile portfolio. t-statsarked with *
correspond to coefficient estimates that are sigaift at the 5% level. T-stats reported are adjdsfer
heteroscedasticity and serial correlation using MgwVest method.

CAPM + Risk Components FF/Carhart + Risk Components
CAPM +BAB +VOL All FF/ +BAB +IVOL All
Carhart

Alpha 0.02 -0.01 -0.01 -0.01 0.01 0.00 -0.01 -0.01
t-statistic 1.66 -0.53 -0.68 -1.37 0.62 -0.22 -1.21 -1.42
BAB 0.23 0.08 0.14 0.05
t-statistic 4.37* 2.32 4.19* 1.60
CAPM IVOL 0.24 0.23 0.20 0.19
t-statistic 17.14* 15.02* 8.97* 7.42*
Mkt 0.60 0.61 0.80 0.79 0.72 0.71 0.81 0.80
t-statistic 15.50* 21.65* 42.60* 39.57* 28.51* 29.68* 39.53* 37.11*
SMB -0.27 -0.27 -0.02 -0.04
t-statistic -8.44* -8.25* -0.53 -0.93
HML 0.30 0.23 0.17 0.15
t-statistic 6.05* 5.02* 3.66* 3.52*
MOM 0.01 -0.02 0.01 0.00
t-statistic 0.30 -0.42 0.21 -0.08
R2 0.58 0.62 0.74 0.74 0.70 0.71 0.75 0.75
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Table A.11: Factor loadings and goodness of fit for factor models for returns of high

volatility portfolio (decile portfolios used for volatility sorts)

The table displays regression coefficients and ciased t-statistics, as well as the goodness ¢Rfisquared) of
regressions of excess returns of the (cap-weighteggh) volatility decile portfolio on a set of facteturns. For
monthly returns over the period January 1966 to é&wsber 2013. The Market factor is from Kenneth Frénc
website. The BAB factor is from Andrea Frazziniebsgite. The |V factor is constructed with stoclelaata
from CRSP, using the returns of the low quintiletioio vs. the high quintile portfolio. t-stats mka&d with *
correspond to coefficient estimates that are sigaift at the 5% level. T-stats reported are adjdsfer
heteroscedasticity and serial correlation using MgWwWest method.

CAPM + Risk Components FF/Carhart + Risk Components
CAPM +BAB +VOL All FF/ +BAB +VOL All
Carhart

Alpha -0.11 -0.05 -0.02 -0.02 -0.09 -0.06 -0.03 -0.02
t-statistic -3.42* -1.51 -1.47 -1.14 -3.84* -2.78* -1.43 -1.26
BAB -0.57 -0.04 -0.41 -0.07

t-statistic -4.66* -0.77 -4.98* -1.51
CAPM IVOL -0.80 -0.79 -0.72 -0.70
t-statistic -22.57* -24.19* -13.23* -12.59*

Mkt 1.74 1.71 1.07 1.08 1.39 1.42 1.07 1.09
t-statistic 20.69* 27.55* 32.37* 31.46* 25.61* 29.49* 31.43* 30.78*

SMB 1.12 1.13 0.24 0.27
t-statistic 14.49* 14.82* 2.35 2.52*

HML -0.49 -0.26 -0.01 0.02

t-statistic -4.64* -2.66* -0.13 0.27

MOM -0.14 -0.06 -0.12 -0.11
t-statistic -2.08 -1.11 -2.85* -2.67*

R2 0.68 0.72 0.91 0.91 0.83 0.85 0.92 0.92

Table A.12: Factor loadings and goodness of fit for factor models for returns of low minus

high volatility portfolio (decile portfolios used for volatility sorts)

The table displays regression coefficients and ciased t-statistics, as well as the goodness ¢Rfisquared) of
regressions of excess returns of the return diffeeebetween the (cap-weighted) low and high vdlatilecile
portfolios on a set of factor returns. For montinéturns over the period January 1966 to December320he
Market factor is from Kenneth French’'s website. B®B factor is from Andrea Frazzini's website. Tie
factor is constructed with stock level data fromSER using the returns of the low quintile portfol@ the high
quintile portfolio. t-stats marked with * correspibiio coefficient estimates that are significantret 5% level.
T-stats reported are adjusted for heteroscedaygtamitd serial correlation using Newey-West method.

CAPM + Risk Components FF/Carhart + Risk Components
CAPM +BAB +IVOL All FF/ +BAB +IVOL All
Carhart
Alpha 0.13 0.04 0.02 0.01 0.10 0.06 0.01 0.01
t-statistic 3.21* 1.14 0.94 0.40 3.45* 2.32 0.75 0.50
BAB 0.80 0.12 0.56 0.13
t-statistic 4.97* 2.26 5.51* 2.26
CAPM IVOL 1.04 1.02 0.92 0.89
t-statistic 27.26* 26.59* 14.24* 12.94*
Mkt -1.14 -1.09 -0.27 -0.29 -0.67 -0.71 -0.27 -0.29
t-statistic -10.17* -13.89* -7.22* -7.57* -10.02*  -11.95* -6.42* -6.93*
SMB -1.39 -1.40 -0.26 -0.30
t-statistic -15.13*  -15.39* -2.30 -2.58*
HML 0.79 0.49 0.18 0.13
t-statistic 6.20* 4.18* 2.33 1.85
MOM 0.15 0.04 0.13 0.11
t-statistic 1.75 0.60 2.62* 2.12
R2 0.36 0.45 0.86 0.86 0.69 0.73 0.87 0.87
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Figure A.12: Return and Risk Attribution for Portfolios based on volatility sorts (decile

portfolios used for volatility sorts)

The graph displays the contribution of common fékors to returns and volatility of different vdilay-sorted
portfolios. See section 2.3 for a detailed deswipbf factor models and attribution methods. Ak measures
and risk premiums are estimated from the 60 prienthly return observations. Data is from CRSP ftr a
stocks listed on the NYSE/Amex/Nasdaqg, and frome€erFrench’s website for the Fama and French fiacto
The factor model corresponds to the Carhart modginaented with BAB and IVOL factors, as on the righst
column of tables 2, 3, and 4. Portfolios are fornoede a month for the period January 1966 to Deaardb13.
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A.5. Beta-neutral IVOL factor

Below, we show the results where we change thetiwart®n of the IVOL factor so as to
make it beta neutral. We obtain beta neutraligy. @ beta of zero) by adjusting the investment
into the low and high IV portfolios so as to haveeta of one both on the long and short side.
This approach is similar to the construction of 8&B factor in Frazzini and Pedersen
(2014). We run this analysis in order to see wiretlie results are driven by the fact that one
of the two factors is beta neutral by construc(iBAB) whereas the other is not (IVOL). The
results below suggest that there is no palpabferdifice in the results when making the IVOL
factor beta neutral compared to the base casetfrermain part of the paper.

Table A.13: Factor loadings and goodness of fit for factor models for returns of low

volatility portfolio (beta-neutral 1VOL factor)

The table displays regression coefficients and eiaged t-statistics, as well as the goodness ¢Rfisquared) of
regressions of excess returns of the (cap-weighoedyolatility quintile portfolio on a set of famtreturns. For
monthly returns over the period January 1966 to &wber 2013. The Market factor is from Kenneth Frénc
website. The BAB factor is from Andrea Frazziniabgite. The IV factor is constructed with stoclelelata
from CRSP, using the returns of the low quintiletfiotio versus the high quintile portfolio. t-statsarked with *
correspond to coefficient estimates that are sigaift at the 5% level. T-stats reported are adjdsfer
heteroscedasticity and serial correlation using HgwVWest method.

CAPM + Risk Components FF/Carhart + Risk Components
CAPM +BAB +VOL All FF/ +BAB +IVOL All
Carhart

Alpha 0.01 -0.01 -0.03 -0.03 0.00 -0.01 -0.03 -0.03
t-statistic 0.92 -1.38 -4.94 -5.91 0.06 -0.91 -5.16 -5.53
BAB 0.20 0.07 0.13 0.05
t-statistic 3.46 3.47 4.71 3.31
CAPM IVOL 0.37 0.35 0.36 0.35
t-statistic 18.11 21.82 16.47 15.59
Mkt 0.70 0.71 0.67 0.67 0.81 0.80 0.68 0.68
t-statistic 21.01 32.56 33.19 41.90 44.24 50.65 41.51 43.79
SMB -0.30 -0.30 0.01 0.00
t-statistic -10.27 -11.27 0.53 0.06
HML 0.22 0.15 0.06 0.04
t-statistic 4.96 4.05 2.52 1.70
MOM 0.02 -0.01 0.03 0.02
t-statistic 0.45 -0.35 1.39 0.97
R2 0.76 0.79 0.93 0.93 0.85 0.86 0.93 0.93
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Table A.14: Factor loadings and goodness of fit for factor models for returns of high

volatility portfolio (beta-neutral 1VOL factor)

The table displays regression coefficients and ciased t-statistics, as well as the goodness ¢Rfisquared) of
regressions of excess returns of the (cap-weighiegl) volatility quintile portfolio on a set of faw returns.
For monthly returns over the period January 19660ecember 2013. The Market factor is from Kenneth
French’'s website. The BAB factor is from Andreazziai's website. The |V factor is constructed vatbck
level data from CRSP, using the returns of thedoimtile portfolio vs. the high quintile portfolit-stats marked
with * correspond to coefficient estimates that aignificant at the 5% level. T-stats reported adjusted for
heteroscedasticity and serial correlation using MgwWest method.

CAPM + Risk Components FF/Carhart + Risk Components
CAPM +BAB +VOL All FF/ +BAB +VOL All
Carhart
Alpha 0.07 0.07 0.11 -0.10 -0.04 -0.01 0.01 -0.07
t-statistic 1.23 1.63 2.17 -3.60 -1.38 -0.45 1.19 -3.99
BAB -0.73 -0.51 -0.56 -0.25
t-statistic -2.73 -2.10 -5.17 -4.00
CAPM IVOL -0.73 -0.61 -0.92 -0.86
t-statistic -4.87 -4.67 -24.52 -20.53
Mkt 1.63 1.60 1.71 1.69 1.33
t-statistic 21.69 31.82 32.25 40.65 26.96
SMB 0.87
t-statistic 14.39
HML -0.52
t-statistic -6.39
MOM -0.11
t-statistic -1.89
R2 0.08 0.12 0.16 0.73 0.78 0.92 0.93 0.86

Table A.15: Factor loadings and goodness of fit for factor models for returns of low minus

high volatility portfolio (beta-neutral 1 VOL factor)

The table displays regression coefficients and ciased t-statistics, as well as the goodness ¢Rfisquared) of
regressions of excess returns of the return diffeecbetween the (cap-weighted) low and high vdjatjuintile

portfolios on a set of factor returns. For montinéturns over the period January 1966 to December320he
Market factor is from Kenneth French’'s website. B®B factor is from Andrea Frazzini’s website. Tie
factor is constructed with stock level data fromSER using the returns of the low quintile portfol& the high
quintile portfolio. t-stats marked with * correspibiio coefficient estimates that are significantret 5% level.
T-stats reported are adjusted for heteroscedaygtamitd serial correlation using Newey-West method.

CAPM + Risk Components FF/Carhart + Risk Components

CAPM +BAB +VOL Al FF/ +BAB +VOL Al
Carhart
Alpha 3.04 0.73 -1.57 -3.70 3.23 1.85 -2.80 -3.87
t-statistic 0.76 0.31 0.55 0.29
BAB 4.68 4.49 5.42 4.58
t-statistic 1.28 1.21 1.17 1.10
CAPM IVOL 30.68 27.27 19.48 17.07
t-statistic -0.93 -0.88 -1.04 -1.02 -0.52 -0.56 -0.94 -0.93
Mkt -8.71 -13.09 -15.45 -20.11 -8.28 -10.08 -18.56 -22.18
t-statistic -1.16 -1.17 -0.15 -0.22
SMB -14.58 -15.77 -2.17 -2.95
t-statistic 0.75 0.45 0.22 0.09
HML 6.69 4.03 3.40 1.63
t-statistic 0.12 0.02 0.16 0.10
MOM 1.58 0.24 3.17 2.72
t-statistic 0.34 0.46 0.88 0.89 0.68 0.73 0.89 0.90
R2 3.04 0.73 -1.57 -3.70 3.23 1.85 -2.80 -3.87
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Figure A.13: Return and Risk Attribution for Portfolios based on volatility sorts (beta-

neutral 1VOL factor)
The graph displays the contribution of common fékors to returns and volatility of different vdilay-sorted
portfolios. See section 2.3 for a detailed deswipbf factor models and attribution methods. ik measures
and risk premiums are estimated from the 60 prianthly return observations. Data is from CRSP ftr a
stocks listed on the NYSE/Amex/Nasdaqg, and frome€erFrench’s website for the Fama and French fiacto
The factor model corresponds to the Carhart modginaented with BAB and IVOL factors, as on the rigist
column of tables 2, 3, and 4. Portfolios are fornoede a month for the period January 1966 to Deardb13.
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