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Abstract

This paper investigates the role of volatility risk on stock return predictability. Using 596 stock
options traded at the American Stock Exchange and the Chicago Board Options Exchange (CBOE)
for the period from January 2001 to December 2010, it examines the relation between different
idiosyncratic volatility measures and expected stock returns for a period that involves both the
dotcom bubble and the recent financial crisis. First it is showed that implied idiosyncratic volatility
is the best stock return predictor among the different volatility measures used. Second, cross-sec-
tion firm-specific characteristics are important on stock returns forecast. Third, we provide evi-
dence that higher short selling constraints impact negatively stock returns having liquidity the
opposite effect.

Keywords
Options, Risk Premium, Stock, Volatility

1. Introduction

Volatility is recognized to be central in asset priciAg accurate forecast of future volatility delivers impatta
information to market participantsnd consequentlyoptions can be essentially bet on volatiliinancial
market volatility is not only important to optiomiging but also a vital input for investment andaincial market
regulation The volatile market environment and depressed expected returns of tlseysasl years have-i
creased the use of volatility strategibl® investor wants to be exposed to unnecessary riskariaiot co-
pensated by a return premiuithere is an extensive literature on volatility predictiod &roadly he best foe-
cast of future volatility is the market's prediction indded in implied volatility Volatility is not merely a
measure for the level of uncertainty prevailing in ficiahmarketsin particular investors are looking to dive
sify their portfolio strategy in recent yeab&coming volatility a new asset claBsie to its complexity, a wide
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range of investment opportunities is offered. Moreover, investmenegatfor institutional investors have
been developed by making volatility as an asta#ss accessible in the form of structured products andicertif
cates for retail investors

[1] provides an extended literature review comparing volatility t@stingperformance of two mainpa
proaches; historical volatility models and volatilitpplied from options[2]-[4] among othersexamine the
predicting power of implied volatility finding that imptlevolatility is a bias predictor of future realized vdlati
ity. Otherauthors analyze whether other volatility forecast models suGAREH, EGARCH and autoregie
sive model in 2 order are better predictors than implied volatility obtained by inverting thekBind Scholes
model

Although the timeseries relation betweethe expected returns and market volatility has wessiderably
addressedh the literature [6] and[6], among others) the question of how the cremgion of expected stock
returns are affectely aggregate volatility hasathered less attentiof?] finds that low average returns are due
to stocks with high idiosyncratic volatilityA significant strandof academic literature documented that cross
sectional effects such as liquidity risk, momentum, size ahgevfactors auld be controlled by crossection of
stock returng7]-[9]. In fact these crossectional risk factors are not controlled by opfiiting studies

Another strand of literature[{1]-[13], among others) examines and finesssection association between
idiosyncratic risk and stock returng.0] explores the stock returns prediction by the information contem-of i
plied volatility stating that higher future returns tend to be dased with higher levels of volatility.

In this paperwe examine the role of volatility risk in stock returns predictability5®@8 stock options traded
at theAmerican Stock Exchange and the Chicago Board Options Exchange (@@t period from January
2001 to December 2010

This study aims to contribute to the existing literatumevolatility measuresvolatility risk and stock return
predictabiity in a number of waydFirst, to our knowledge it is thefirst research analyzing the effect of diffe
ent idiosyncratic volatility measures for a period timabives both thedotcom bubble and the recent financial
crisis This will shed lighton the relation between idiosyncratic volatility and stqmices in periods when
S&P500droppedat least 20 percenfecondthe empirical findings will disclose more information e aco-
racy of different volatility measure$hird, this research will extend the work [@ff by including and analyzing
firm-specific characteristicsourth we control for possible shesile constraints and liquidity issues effect on
stock returns

The results can be summarized as follomisst, we find strong statistically significant evidence ofosiin-
cratic volatility on stock returns predictabilitgecond the results show that implied idiosyncratic volatiliy i
the best predictor among the different volatility measures. U$ete is clear evidence of a return premium for
carrying idiosyncratic volatility riskThird, we provide evidence of crosgction firmspecific characteristics on
stock returnsFinally, we confirm that higher short selling constraints impacatiegly stock eturns havingii
quidity the opposite effect

The rest of the paper is orgagizas follows The next section presents the data sources and discusses sample
selection and methodology implementéa Section3 we test the different volatility forecast moslelnd the
predictive power of idiosyncratic volatility on future stock retuand Sectior concludes the study

2. Data and Methodology
2.1. Sample

Our sample represents tlS equity option market by comprising the stock options traded aArtiexican
Stock Exchange and the Chicago Board Options Exchange (CBOE) for the penibdahuary 2001 to &
cember 2010The data to undertake the research was collected from diffaerdes 1) The daily implied o-
latility for each individual company and the option opeeriast were collected from Tick Data and Opthde-
trics; 2) Stock returnsshare pricesand the number of shares outstanding are from Tick Data ang @Rbg-
uity book value are from Tick Data and CompusBatlaily returns for the th€arhart(1997) momentum factor
(UMD) and three Fama and Fren(@993) factors (MKT SMB, HML) were collected from Kenneth French’s
website

From CRSP the full data compris2s96 Tidkers (or unique firms) for the period January 2001 to December

*Extended version of this paper is available online
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2010 The following sample selectiariteria are imposed: 1) Full information (daily basis)tfade options2)
Daily stock returns for at least the five pravsoyears In order to confirmwheher our sample represents the
US market as a whaql¢he sample average daily return was computed and the correlation bétigegverage
and the market return was calculatéte result shows a 90% of correlation among the market returns proxied
by S&P500and our sample meaning that the data can represent the US asaakehol2

Table 1 repors the initial number of firms per industry available in CRSP for the perimgada 2001 and
December 2010 and the number of samplingdiafter the previous presented selection criteria

Overall there are 596 unique firms in our sample which repreggstpercent of full data available in CRSP
There is no evidence of a single industry to be more represented antpke $n fact, the percentage of unique
firms per industry presented in the sample is very simildr vatues between 2Zland 23 percent for Utilities
and Consumer Googespectively

2.2. Methodology

2.2.1. Beta, Implied and Realized Idiosyncratic Volatilities

1) Beta calculation

The firm’s beta for each of the unique firms selectedlsutated in a 60 months rolling basihefirm |’'s
beta is estimated by the regression of stock returnen market returndiret for each month with the use of the
previous 60 months:

NiEa /)’erett iy Q)

where Mret is theS&P500valueweighted monthly returns collected from CRSPis the stock monthly returns
a represents the constant term ands the error termFurthermorethe beta calculation robustness is verified
by applying thg9] three factor model and a beta portfolio computed folloviirg creating equalveighted e-
turns in a rolling monthly estimation for portfolios @0x 10 depending on firm’s number and size beTd®en
the regression of these portfdioeturns are regressed on H&P500valueweighted monthly returns with
onemonth lag to determine portfolio betas for the individual firms basdti@nbeta level and size

2) Impliedidiosyncratic volatility calcwdtion

Data is gathered as refereed fr@ption Metrics employing European and American models upon @appr
priated The standardized implied volatility is estimated by using the option nearestdtmy8Q@o maturity and
atthemoney for both puts and calls to deduct the measurement error related dovbiesion to attain implied
volatilities from opion price$.

Analogous to[16] for the computation of the implied volatility in its idiogymatic part the market implied
volatility is demonstrated to be a market volatifiinction:

Table 1. Number of firms per industry

Industry Full sample Number uniqudirms Samplefull data(%)
Basic materials 275 62 225
Consumegoods 268 64 239
Financials 352 79 224
Healthcare 270 63 233
Industrialgoods 216 50 231
Services 520 117 225
Technology 603 141 234
Utilities 92 20 217
Total 2596 596 229

2This condition is essential for the calculation of idiosyncratic realinglied volatility and the firm’s beta
SResults are available upon request
“For details segl5].
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2 2_2 2
Ow;, =,Bj Oy T Wi, 2
where aﬁ,M‘ is the VIX implied market variance for day, a,f,j’t is the total implied variance at time for

firm j, ,BJ? is the squared market beta fréquation(1) and aﬁ,‘dion is the implied variance in the idiosyn

cratic part at timet for firm j. Thus the measurement of implied idiosyncratic volatility is flugare root of
the implied variance of the idiosyncratic pdnttheory, this value would not be equal to zero or negative but it
is possible empiricallyo occur.

3) Realzedidiosyncratic volatility alculation

The annualized realized volatility is calculated for each month and firmeamntiualized standadgviation
of daily returnsThe realizeddiosyncratic volatility part is calculated throuflguation(1) using daily obsea+
tions The realized idiosyncratic risks,,  is calculated from daily residuals standard deviatimmefach
month and firmsuch that: o

1 _3\2
aRVidio,j,I :_\/stl(‘gj,t,n gjl) (3)

where N is the number of trading days in each month

1.n IS the residual for firmj on day n for

month t and &,, is the mean residual in month over the N days for firm j. The gy, is measured
, idio, j t

in annual basis

2.2.2. GARCH and AR (2)
The advantage of tHEGARCH versus th&SARCH model is the no requirement to restrict the parameters-to a
sure a homegative variance his function is formed as:

Rt = a; ﬂMKT,jMKTM,t ﬂSMBTSMBt ﬂHML,j‘HMLt Ei~ i N(O’O-jz,t) (4)
wherethe monthly returns are calculated following the Fama and French (198808 model inEquation(4)
and the conditional variance for firmréGidiojt is a function of the pastp residual variances dng-period

stock returns

'”Uéeidio,j,‘:“i Dby ot ch,¢{9(5jff—k/01,t—k) 7’“(511—k/‘77:-k)‘ (Z/R)J} ®)

where 6 and y are estimated coefficients aneh the number of firms with options in the samitguatiors
(4) and (5) are computed at least for 60 monthly returns for each $teekdiosyncratic volatility is calculated
as the square root of the conditional variance

For the autoregressive model iff Brder AR (2) for the idiosyncratic volatility estimation we follofi7].
Applying Equation(4) to calculate the square residuheg idiosyncratic variance for firmj is calculated as:

O-ARidio,j,t :_MLJ' ﬂ’ZJa—jlfl 13J8‘i_t72 My (6)

The idiosyncratic volatility is defined as the square root ofdlusyncratic variance

2.2.3. Short-Sale and Liquidity

Additionally for possible shot$ale constraints or liquidity issues are controlldharticularly highly liquid
stocks are less likely to get market frictions aodsequently this has an important impact in tragjgttbns The
liquidity measureopen-interest is calculated as one plus thetiop openinterest logarithmwhereopen-interest
is compiled for each firm across the all optidRgr the measure of shesale constraint we folloyi 8] as:

ORW Ratio= 10& I S/S"] 7
where S° is the theoretical price computed from the -pait relation including the put of last exercise-pr

mium®and S is the current stock pric@he ORW Ratioshould exceed zero if a shadle constraint exists
In summary the control for possible shedle constraints or liquidity issues are performed totheshyymo-

5The small values are set equal to zero and there arpasitive values

°Refer to[18].
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thesis whether shesgale constraints and/or higher liquidity impacts pricé®mintly in response to volatility
than those from more restricted companies

2.2.4. Realized Volatility Prediction

1) Implied volatility

How well doesimplied volatility (IV) predict future realized volatility (RV) is measured at both individual
(firm) and market levelsThe following regressions are performed:

ORvy 1a & G flﬁfvm 520'¢le €t (8)

and
Orv, .y =®j1 S1i0W,, %20hy, i 9)
where oy, is the annualized realized monthly volatility in monthfor the S&P500index o, ~is the

VIX index in month t, « is the constant termé and &, are estimated coefficients angd is the error
term The regression specification at individual/firm level is showBRdunation(9). The equation is performed to
each firmindependentlywhilst the mean and median coefficients are presented as well respectiviessigrif
Ory,, » represents the annualized realized monthly volatility ontin t for each unique firm Oy, is the

implied volatility for each firm in montht, o is the constant term&, and &, are estimated coefficients
and ¢ is the error term

2) Implied idiosyncratic vdatility

Additionally this paper tests the power of implied idiomatic volatility, and EGARCH andAR (2) volatility
forecast models to prad realized idiosyncraticvolatility. The following regression is estimated:

O'R\/idiof}ft+l =a; Wl,_ﬁ_alvidiov” ‘//z,j'b'EGidm“ l//3,j_€ARidiD“ W 450 RVgoj1  €ite1 (10)
where O RV, represents the realizédiosyncratic volatility in montht for firm j, O o0 is the implied
variance in its idiosyncratic part at monthfor firm j, o, . is conditional variance for firmj in
month t s, O AR 1 is the idiosyncratic volatility estimation followgr{17] autoregressive model if%brder,

AR (2), « Iisthe constant termy 's estimated coefficients and is the error term

2.2.5. Predictive Regressions

1) FamaMacbeth (1973)

The final step is to examine the relation between idicstit risk and firmfuture returnsWe extend the
study of[2] by including firm specific characteristics in our anady#is a result we assess in a monthly basis
and at firm levelthe relation between idiosyncratic volatility and future stock reflapplying firmspecific
controls and following19] procedureThe following regression is &sated:

M =Q; +/116R\4di0,j,t +AJOgSIZE;, + A5l09BM,  + A J;  + A4, 1y F A v s 1A B HE (11)
where r;, represents the stock return for firm for firp in month t, CRvigo 1 * is the realizeddiosyncratic

volatility in month t for firm j, logSIZE , is the logarithm of market vaé of equity (calculated by rhu

it
tiplying the companis current stock price by its numberaftstanding shares)ogBM; , , is the logarithm of
the bookto-market ratio r;, ,,, , and r;, 4, ,,, represents the stock return for firjp one and three years

before the currenmonth g, is firm | equity Beta « is the constant termA’s estimated coefficients
and ¢ is the error term

Additionally, the previousequationis modified by including the idiosyncratic volatility farasts (implied
volatility, EGARCH andAR (2)), shortsale constraints and liquidity issud$e regression will proceed ad-fo
low:

M =&+ A0ry, +AJ0gSIZE;, + A5l09BM;  + A J; + A4 1p it A ki as 154 B

+ /180'|vidic,,j,t + AQO-EGidiov“ + llOO-ARadiov“ + A ORW g + 4101+ 6, 1

(12)
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where r;, represents the stock return for firm for firj in month t, O RV 11 * is the realizeddiosyncratic

volatility in month t for firm j, logSIZE, ., is the logarithm of market vaé of equity (calculated by rhu

it
tiplying the companis current stock price by its number of outstanding shalegBM;, , is the logarithm of
the bookto-market ratio r;, ,,, , and r;, 4, ,,, represents the stock return for firjp one and three years

before the current monthp, , is firm | equitybeta O o0 ? is the implied variance in its idiosyncratic part

at month t for firm j, Oy, is conditional variance for firmj in month t is, TR 1 is the idb-

syncratic volatility estimation followind17] autoregressive model in"2order, AR (2), ORW,j,» is the

ORW ratio following [18], Ol , is the liquidity measur@pen-interest, « is the constant terma’s est-
mated coefficients and: is the error term

2.3. Data Sources and Description

Table 2 below summarizes the data sources egdatios description for each of the research steps detailed
previously

3. Empirical Results

We first start by presenting a brief overview of summaayistics for the variables used in this study followed
by preliminary tests whether lagged historical/impliedhtilities or EGARCH andAR (2) models better explain
realized volatility We finish with the Predictive Regressions analyBie sample represents the US equjty o
tion market by comprising the stock options traded at the Americak Exchange and the Chicago Boarng O
tions Exchange (CBOE) for the period from January 2001 to Decezfit@ Our sample comprises 596 unique
firms. To ensure that the sample represemesUdS market as a wholihe correlation between the average daily
return per stock and the market return (proxie®&50Q was calculatedlhe correlation between the average
sample returns and market return is above 90 percent showing thahqle spresents appropriately the US
market as a whole

3.1. Descriptive Statistics

Table 3 reports per year summary statistics for the 596 unique firms analjedan highlight the increased

Table 2. Data sources and description

Variable Sour ce and description
1 Indexreturn CRSP
2 Stock return CRSP
3 Realizedolatility index CRSP
4 Realizedstock volatlity Option metrics
5 Impliedstock volatilty Option metrics
6 Realizediosyncratic volatity Standard deviatiorir{dex return, stock return)

Calculated with (stock beta, realized and implied stodatility)

7 Implied idiosyncratic volglity [Equations (3) and (4)]

8 EGARCH idiosyncratic volatity Fama French anéjuidity factors[Equation (5)]

9 AR (2) idiosyncratic voldlity Fama Frenchrad liquidity factors [Equation (6)]
10 Market value Optionmetric (use taalculate logSIZE)

11 Firm’s equity Compustatifse with equatioof 10, to calculate logBM )
12 Optionvolume Optionmetrics (use to calculate option irgst)
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Table 3. Implied volatility statistics

Year Implied volatility Impligd volatility ) St(_i deviatio_n Maximum Minimum
(averagamonthly) (median monthly) implied volatlity
2001 0567 0510 0231 1672 0.085
2002 0533 0482 0223 1953 0111
2003 0435 0.396 0179 1751 0134
2004 0.366 0333 0137 1002 0122
2005 0.337 0311 0.125 1746 0117
2006 0334 0316 0117 1147 0116
2007 0.356 0332 0131 1616 0117
2008 0544 0494 0222 2114 0137
2009 0574 0532 0221 1988 0167
2010 0465 0444 0151 1436 0.135

volatility in 20012002 (dotcom bubblégand 2008009 (recent financial crisishdditionally the implied vaa-
tility annual standard deviation increases in the two cited perodiear evidence of the no homogeneaus i
crease in volatility among the different stocks in our sapgupporting hat differences in firms and industry
sectors do exist

Table 4 presents the same analysis regarding the historical litglalin fact historical volatility is higher on
20012002 and 2002009 periodsWe can also detect a highererage implied volatility comparing withdhai
torical volatility in our sample possible indicadithat options are overvalifed

InFigure 1 andFigure2it is presented the average monthly implied antbhizal volatilities per industry

The volatility increase in the years 202202 and 2002009 is observed independently of the industry-an
lysed However there is a clear evidence of higher volatility botplied and historical) of technology firms in
the period2001-2002 and Financials in 206809

3.2. Preliminary Analysis

To examine the predictive power of realized and impligdtility, we test the forecast accuracy of both by pe
forming time series regression at firm level of tiistal volatility laggedne day and with one day lag of implied
volatility.

RV, .a=a;, /N, BRV, ¢

j jt+1

where RV is the stacked vector of the dependent variable represeahgngalized volatility for each of the 596
stocks for the period January 2001 to December ,2010s the constant termV andRV are vectors with the
implied and realized volatility one month before for each of the 506 stoe$sectivelyand ¢ is the error
term

Table 5 shows asummary of the results for the 596 unique regresswesrall the implied volatility coeif
cient is significance at 1 percent level for 423 of the 596 regressiommgavcoeffient 0558y, whereas the
historical volatility is significant in only 346ases and with a lower coefficient

In Table 6 we extend the analysis and téisé forecast accurgdor thealternative idiosyncratic volatility
measures used in this papéfe compare the historicamplied and th&eGARCH andAR (2) volatility forecast
models running time series regressions at firm level for the period January 200témber 2010We apply
Equation(10), where:

'S&P500index drops by 184 and 2387 percent in 2001 and 2002spectively.

8When implied volatility is greater than historical volatiliptions are thought to be overvalyadd wherimplied volatility is less ths
historical volatility, options are considered to be undervalued

°In parenthesis it is shown the percentage of firms related to full sample
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Table 4. Historical volatility statistics
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Historical volatility

Historicd volatility

Std. deviation

VEEY (avermge monthly) (median monthly) implied volatlity R AT
2001 0514 0432 0314 3594 0072
2002 0493 0417 0311 5289 0.082
2003 0355 0.306 0210 3305 0058
2004 0295 0251 0161 1776 0.069
2005 0268 0235 0155 4321 0.065
2006 0275 0243 0152 3369 0.050
2007 0297 0.262 0.159 2418 0.054
2008 0581 0469 0379 3996 0.086
2009 0508 0425 0336 5101 0.054
2010 0325 0292 0.166 2178 0.049




C. Mateus, W. Konsilp

Table5. Testing historical vamplied volatility.

Confidence level Historical volatility Implied volatility
90% 435 (73%) 534 (90%)
95% 410 (69%) 492 (83%)
99% 346 (58%) 423 (71%)

Average coefficient 0.314 0558

Table 6. Testing alternative idiosyncratic volatility measures

Confidence level Historical volatility Implied volatility EGARCH AR (2)
90% 392 (66%) 406 (68%) 116 (19%) 266 (45%)
95% 357 (60%) 364 (61%) 76 (13%) 217 (36%)
99% 296 (50%) 284 (48%) 33 (6%) 142 (24%)
Average coefficient 0476 0.080 0.006 -0.036

O-RvidioTHl:aj Vi +O_|Vidio,j1 l//zvj-b-EGidio,il l//3vj-b-ARidio,jl WAI{O-RV\dioJL €t

From the results presentedTimble 6, implied and historical volatility are the most accuratehods in pe-
dicting and forecasting next period (month) realizethtday . In fact for 68 (66) percent of the cases implied
(historical) volatility is statistical significant at J&rcent level whereas f&lGARCH andAR (2) just in 19 and
45 percentrespectively Additionally, in around 50 percent of the firfavel regressions the histcal and -
plied volatilities are statistical significant at 1 percéevel We will implement later additional tests of éor
casting accuracy when the stock returns predictive regresgiplysng [19] were executed

We next present a summary of variable statisticsainle 7. On averaggfor the 596 unique firms and for the
period January 2001 to December 20b@ annual implied volatilitaccounts for 5@ percentThis relatively
high value is due to the fact that tti@com bubble and the recent financial crisis are included in the sangle p
riod, which is one of aims of this papéf one just considers thiiosyncratic risk the averagmplied and ra-
lized volatility values drop between 20 to 30 percdfdreover the EGARCH and AR (2) volatility forecast
mockls present a high@liosyncratic volatility than the historical and itigal volatilities approachAccording to
[3] findings divergences in realized and implied market volat#itmight be a straight cause from a volatility risk
premium which meaningfully affects the underlying option vahitdirm level this volatility premium possible
induces option prices in the same walye comparison between median and mean values the idiosyncratic part of
realized entire volatility is estimated to be®BpercentThis value is slight lower than t&®.7 percent reported by
[20]. The median and mean implied idiosyncratic volatilitynalagous to the realized idiosyncratic volatility and
the idiosyncratic vailtility is around 75 percent on entire implied viitgt. The realized entire volatility is better
explained by the realized idiosyncratic volatility thitne implied total volatility described by implied idiosy
cratic volatility. Furthermorethe idiosymratic volatility would be a strong predictive componehtrealized
volatility if most of the implied volatility is idisyncratic at firrdevel.

The bookto-market ratio exhibit an average value &3)the equity beta average i1 but the median vaé
is very close to JAdditionally, the total number of options contracts that are not closed or delivered orca parti
ular day is on average P21 and there is a slight evidence of short selling constraints given that thgeaver
ORW Ratio exceed zer

As the last stepthe correlation matrix is presentedTiable 8 for the independent variables used in the]
predictive regression®©ne can Ighlight the following correlation (univariate relatgmps) among the ired
pendent variablest) larger firms have lower implied and realized idiosyricrablatilities and lower book to
market ratiosAdditionally they have higher betas and increaslealt selling constraint®) Larger returns are
associated to firms with higher betas and lower idiostircvolatilities 3) Higher equity beta firms are linked
with lower idiosyncratic volatilities and higher openerest; and4) firms with more evidence of short selling
constraints have on average lower number of options contracts
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Table 7. Summary statistics

Variables Mean Median 5" percentile 95" percentile
Implied volatility (o, ) 0506 0465 0274 0855
Realizedvolatility (o) 0.482 0433 0245 0856
Implied idiosyncratic voIatiIity(o-,\,m) 0.354 0328 0.155 0649
Realized idiosyncratic volatility o, ) 0383 0351 0197 0674
EGARCH idiosyncratic volatility (aEem) 0.390 0341 0.139 0.791
AR (2) idiosyncratic volatility (O’ARW) 0431 0.379 0.167 0.859
Book-to-market ratio (BM) 053 044 007 103
Equity beta (5) 121 102 026 267
ORW _ratio (ORW) 007 005 -104 120
Openinterest(Ol) 1121 11.08 824 14.70

Table 8. Correlation matrix

@iy, logSIZE  logBM r B O O, . ORW,, Ol

Crva, 1.000

logSIZE  —0.0603 1000
logBM 05693 -0.6353 1.000

r -03050 00907 -00884 1000

B, -06153 05880 -0.3949 01457  1.000

o.,, 08880 -07538 06412 -02370 -06587 1000

Ow, . -01118 02114 -01613 00230 00990 -01417 1000

Ow,, 09838 -06481 05441 -02756 -06179 09208 -01215 1000
ORW,, -02232 01068 -05692 -00107 02247 -03023 00636 -02025 1000

Ol 0.0065 03788 02633 00156 00974 -00111 00890 -00451 -04328 1000

3.3. Predictive Regressions

3.3.1. Future Realized Volatility

We first start by examining whether implied and reaigelatilities from a specific month explain the realized
volatility one month aheadVe test this relationship for both market (proxied by VIX &8P50Q and at firm
level. Equatiors (8)and(9) are appliedwhere:

ORvy 1 T O étloﬂ'vm . ézo'ﬁ'vM . i
and
ORrv; .~ Hiit ‘fl,j‘ﬂl‘v“ ":ﬁz,jo'ﬁvj1 €1

Table 9 present our result§Ve find thatimplied volatility does contain information in forecasgtirealized
volatility being the relation stable for both marketddirm-level estimatesThe results are aligned wifR1]
which analysed the relationship between implied andzeshlvolatility by using dailyS&P500index option
prices over the period between January 1995 and DeceHdogever it was found a lower coefficient estimate
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Table 9. Futurerealized volatility forecast

Panel A Panel B

Market estimates Firm-level estimates
- 0.727" 0.0598™ 0.732™ 0.610™
v (10.14) (5.42) (51.93) (77.63)
- i 0.160 i 0136~
RV (152) (27.66)
Constant -0.003 -0.001 0.099™ 0.092™
(0.21) (0.02) (18.63) (33.35)
R-squared ®6434 0.68567 04003 04631

"™, "Statistical significant for 15, and 10 percent levels

at the markelevel but with higher significance and almost doubleqRaredMoreover at market level results
support[22] findings that implied volatility is a proficient forecastof future realized volatility even in the
presence of past realized volatilifjhe implied volatility coefficient is divergent of one réisg that implied
volatility is an upward biased forecaster of futurdired volatility which highlight theexistence of a robust
volatility risk premium

In panel B (firmlevel estimates) the results at firm level are repoifée evidence reported is analogous to
the outcomes at market levEirm implied volatility is still a statistical sigfiicant forecager (at 1 percent level)
of future realized volatility when past volatility isaluded as wellHowever,our results diverge fro23] and
[16] which claims that implied volatility is an unbiasedadaproficient predictor of future realized volatilityn
our study we find evidence that implied voldgilas an upward biased forecaster of future volatility at both
market and firrdevels

Next it is regressed the idiosyncratic volatility in itéfelient formulations with the realized volatility one
month aheadapplyingEquation(10) as below:

O—RVidio,T.m_ai l/llj_o-lvidio.jl l//z'j—b-EGidiu,jl l//3vj—6ARidi0Jt W4J|O-R\4diojt €ipa

Table 10 reports the resultdlodel 1 shows that future realized idiosyncratic vbtgtis positively and st-
tistically significant (at 1 percent level) related twiioth historical realized and impliédiosyncratic volatility
We could not find statistical significant wh&BARCH forecast model is used (model 2) but some evidence is
reported forAR (2). In both cases the historical realized idiosyncratic volatility increasekear evidence of a
statstical significant relation between realized anglied idiosyncratic volatilities as reported in tharrelation
matrix. In model 4 we present the whole measures of idiosyncralédity where it is clear the strong pretic
ing power of implied idiosyeratic volatility on future realized idiosyncratic voli&y . Though as reported in
Table 9, implied idiosyncraticvolatility is as well an upward biased forecaster of fittgalized idiosyncratic
volatility.

3.3.2. Realized Returns

In a following step inTable 11 the predicting power of realized idiosyncratic volgtilother firmspecific cla-
racteristics and previous firm returns are analy3éds is done for both full data (2596 firms) and the selected
sample(596 unique firms) by applying monthly cressctional regressions usificp].

As previously referred the variabl8&E and B/M rato are calculated at the endexdch month and the return
variables are lagged 11 and 36 monthdResults are not statistically different between fulladand sample
Indeed we cannot find evidence of realized idiosyncratic vatgtdn firms realized returnsize has a negative
effect on stock returns whereBAM ratio has a positive effecOur results are aligning with the ones frgm
and[24] in terms of the relation among future stock retwand idiosyncratic realized volatilitAdditionally we
find a negative statistical significant effect of last mmostock return on theext month return and no cleariev
dence of last year and three years ago stock returns was repartaly, the equity beta is not statisticallygsi
nificant at all for both the full data and the sample usetthis paperLarger firms tend systematicaltg offer
lower returns and firms with high B/M ratios deliver higher rettdortheir investors

As the last stefrquation(12) with is run for different combinations of independent variables (nsabéb 10)
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Table 10. Realized idiosyncratic volatilitforecast

Model 1 Model 2 Model 3 Model 4
- 0.366" 0.330™
Wigo. 4 (2.84) (2.42)
o 0.184" 0.323" 0.295" 0.157
RV, (1.96) (3.48) (3.18) (1.73)
- 0.182 -0.006
B« (1.39) 0.87)
- 0.296 0174
(1.74) (1.04)
Constant 0.169" 0.186" 0.148" 0.133
(3.76) (2.69) (1.96) (1.74)
R-squared 0.464 0486 0347 0586

™" "Statistical significant fo, 5, and 10 percent levels

Table 11. FamaMacbethfuturereturns estimation
Ma=a; + /lpwdw +AJOgSIZE; + AJ0gBM;  + A J, + A8 10 it AL as 13 A BT E L -

jt+l

Variables Full data Sample
o -0.0575 00116
(1.05) (1.30)
-0.0016 -0.0035"
logSIZE (169) (4.20)
00034 0.0059”
logBM 221) (452)
. -0.0504" -0.0224"
g (5.54) (247)
; 0.0023 0.0022
- (0.63) (1.09)
r -0.0051" -0.0005
jt-35t-12 (252) (089)
B 0.0021 0.0031
i (0.83) (0.95)
14367 0.1072"
Constant (3.75) (7.17)
R-squared 0.1616 0220

™™ "Statistical significant for 15, and 10 percent levels

by applying monthly crossectional regressions usifif9]. Results are presented irable 12. They show a
strong and statistidly significant effect (1 percent level) of implied idjocratic volatility on future stocler
turns In fact a one percent increase in the implied idiosyncratic volatility incfetis® returns between@B
and 0042 percent (depending on the modelcHpeation). Therefore there is a premium for carrying implied
idiosyncratic volatility and higher returns are partiadlye to idiosyncratic volatility riskinversely realized
idiosyncratic volatility is meaningless to all modedesifications Additionally, we find evidence for the
EGARCH and AR (2) volaility forecast models as a stock return predidiowever with lower effect and sign
ficance than implied idiosyncratic volatilitiMoreover the equity betas have a positive coefficient biyt sig-
nificant to fewer model specification§he shortsales constraint variable has a statistically significaeff-
cient revealing that when the constraint is higherreturn ier selower. In relation to theopen-interest varia-
ble as a proxy foliquidity we find a positive statistically signitint effect of stock returns
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Table 12. FamaMacbeth future returns estimation with fispecific characteristics

rj 41

=a;+ ’110%.0.1,‘ + ﬂzlogSIZEj o A /IslogBMit + AL A AL e it A G s 1 A B

+ Z'Bo-lvidiu,j,t + ﬂgo-EGidio‘“ + ﬂ’l(p-ARZdio‘“ + ﬂ"lpRWra!icj,t, + ﬂ’ lplj t,+ 8]' t+ 1

Variables Model 1

O,

RVidio

logSIZE

logBM

ja-11t-1

r

jt-35t-12
B
Oigo s
o,
EG\H\O.‘ t
GARW., t
ORW,,,

Ol

Constant

Model 2

-0.0048" -0.0040"
(4.54) (4.39)
0.053™ 0.0058™
(4.11) (4.00)

-00240° 00244
(2.14) (2.46)
0.0027 0.0023
(1.18) (1.11)

-00014  -0.0005
@.77) (0.83)
0.0017
(0.53)

0.1276" 01113
(8.22) (8.07)

Model 3

00116
(1.30)

-0.0035"
(4.20)

0.0059™
(4.52)

-0.0224"
(2.47)

0.0022
(1.09)

-0.0005
(0.89)

00031
(0.95)

0.1072"
(7.17)

Model 4 Model5 Mode 6 Mode 7
-0.0021 0.0100 0.0092
(0.43) (0.69) (1.58)
-0.0019" -0.0018" —0.0032" -0.0030"
(2.31) (2.18) (3.88) (3.59)
0.0065" 0.0064" 0.0049"  0.0049"
(5.00) (5.05) (4.92) (5.07)
-0.0216" -0.0216" -0.0214" -0.0221"
(2.38) (2.41) (2.54) (2.61)
00023 00022  0.0009 0.0007
(1.14) (1.13) (0.47) (0.37)
-0.0006 -0.0006 -0.0008 -0.0008
(1.02) (1.01) (1.44) (1.54)
0.0051 0.0061 0.0025 0.0020
(1.42) (1.77) (0.80) (0.65)
0.0350" 00371
(4.20) (5.67)
i 0.0124"
(2.20)
i i 00128
(2.42)
00777 00745" 0.093" 0.0904"
(445y"  (441) (6.21) (5.79)

Model 8

-0.0026
(0.55)

-0.0018"
(2.23)

0.0051"
(5.43)

-0.0208"

(2.56)

0.0010
(0.52)

—0.0008
(1.45)

0.0063
(1.81)

00352"
(5.56)

0.0031
(0.45)

0.0034
(0.46)

0.0651"
(3.85)

Model 9

~0.0036
(0.75)

~0.0050"
(5.09)

0.0049™
(5.17)

-0.0193
(2.38)

0.0019
(0.96)

~0.0006
(1.20)

00040
(1.16)

0.0307"
(4.92)

-0.0027"
(4.43)

0.0026"
(4.17)

0.0854"
(5.28)

Model 10

0.0007
(0.14)

0.0063"
(6.29)

-0.0185"
(2.28)

00017
(0.89)

-0.004
(0.82)

0.0058
(1.75)

0.0426"
(5.77)

-0.0027"
(4.33)

~0.0001
(0.18)

0.0565"
(4.82)

4. Conclusions

This paper investigatethe role of volatility risk on stock returns prediclépifor 596 stock options tradeat
the American Stock Exchange and the Chicago Board Options Exchange (CBOE) ferittefrom January
2001 to December 2010sing a time period that incorporatestio thedotcom bubble and the recent financial
crisis we shed lighon the relation between idiosyncratic volatility and stock prices in periods &&&500

droppedat least 20 percent

The findings confirm the impact of idiosyncratic volatility on steekurns predictabilitythe best predictor
among the different volatility measures used is the edpiidliosyncratic volatility and there is a clear evidence
of a return premium for carrying wyncratic volatility risk. Indeed, a opercent increase ithe implied ido-

syncratic volatility increasgfuturereturns between 0.03 and 0.042 percent.

We also discovered that cressction firmspecific characteristiowere importanfor stock returns prediction
and confirmed the importance of shediling constraints and liquidity issudsvidenceis provided that higher
short selling constraints impact negatively staakims having liquidity the opposite effect

Overall,we claim that this research provide significant contribution to the existing evidenan volatility
measuresvolatility risk and stock reirn predictability To our knowledgeit is the first time that a period that
involves both thelotcom bubble and the recent financial crisis is analyzed

The volatile market environment and depressguected returns of the past several years have increased the
use of volatility strategiedNow that volatility has emerged not only as a concepalsat asan investment in its
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own right this study brings light to the accuracy of different forecast mé&li idiosyncratic volatility calcal-
tion and its effect on future stock returns

This research was conducted by examining the effect of idiosyncratidityotati sock returns predictability
and ould be conthuedfurther by examining sukperiods ofbear and bull markets and industry specific effects
on volatility risk and stock returns predictability
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