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Abstract

This paper evaluates the economic gains associated withviop a volatility tim-
ing strategy based on a multivariate model of realized ilitatTo study this is-
sue, we build a high frequency database with the most agtivatied Brazilian
stocks. Comparing with traditional volatility methods, fired that, when estima-
tion risk is controlled, economic gains associated withized measures perform
well and increase proportionally to the target return. Whrpected returns are
bootstrapped, however, performance fees are not signifieaich is an indication
that economic gains of realized volatility are offset byirastion risk.
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Resumo

O artigo avalia os ganhos econdmicos associados a é@de;uma estratégia
baseada em volatilidade a partir de um modelo multivariadeafatilidade real-
izada. Para tanto, construimos uma base de dados em git&ifica que contém
as acdes mais negociadas no mercado de acdes Brasibeicomparacao com
modelos tradicionais de volatilidade mostra que, quandsam e estimacao &
controlado, ha ganhos econdmicos positivos assoceslosedidas de volatilidade
realizada e tais ganhos crescem proporcionalmente aosastalvo. No entanto,
guando os retornos esperados sao randomizados, as tad@semepenho nao sao
significativas, sugerindo que os ganhos econdmicos déliddde realizada sao
compensados pelo risco de estimacao.
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1. Introduction

Given the growth of financial markets and the increasing dexity
of its securities, volatility models play an essential radnelp the task of
risk management and investment decisions. Since realizafi volatility
returns based on daily data is not observable, the tradit@pproach is to
invoke parametric assumptions regarding the evolutiomefirst and sec-
ond moments of the returns, which is the idea behind ARCH toahastic
volatility models. Nevertheless, these models fail to sepsome stylized
facts such as autocorrelation persistence and fat tailtofre. The avail-
ability of intraday data opens up the possibility of approating volatility
directly from asset returns. The use of an observable Jariabturn, facil-
itates the task of dealing with problems that involves aificgant number
of assets. Indeed, traditional methods suffer from theecafglimension-
ality, which is to say, the difficulty of these methods to hanalith a wider
range of assets.

The advantages of realized measures have been extensnaized
in the recent period, when technological barriers have lgeadually sur-
mounted so as to provide the kind of data necessary to italesitln. An-
dersenet al. (2003) compared it to traditional methods and confirmed
superiority in terms of forecasting performance. Idemt@anclusion has
been reached by many concurrent studies, like Eagkd. (2008). Previ-
ous findings relating microstructure parameters and Vityatiere revisited
considering realized measures. Chan & Fong (2006), foaimtst, found
that trading volume is the main factor driving the relatioipsbetween vol-
ume and realized volatility, as opposed to studies thattediaut order im-
balance as the most important one. In Brazil, Carvathal. (2006) found
that returns displayed a normal distributional when stegidad by realized
measures, a useful property concerning risk managemepoges, namely
Value-at-Risk statistics. The authors based their coimtgson a sample of
the five most liquid stocks traded at the domestic stock exgpyasampling
at a 15-min frequency. In spite of the apparent consensustlweesubject,
there are many relevant issues that deserve attentionytiouygar the bias
originated by microstructure noise and measurement erfgicAleer &
Medeiros (2008) documented a review of the literaturessing the future
improvements that must be made in order to deal with suctesias

The objective of this paper is to evaluate the economic gageeciated

ts
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with the use of realized measures in the context of an invastecision
where investors take conditional volatility forecastsfaes main parameter
in the portfolio optimization problem: the so-called vdligt timing strat-
egy proposed by Flemingt al. (2001). We examine this issue by compar-
ing forecasts of the covariance matrix obtained by meansnofiléivariate
version of Corsi's Heterogeneous Auto-Regressive (HARJ@havith the
ones provided by traditional volatility models. Our datsdaonsists of
high frequency transactions prices from the twenty mosidigtocks from
the Brazilian Stock Exchange, BMF&Bovespa, and covers érog from
February 2006 to January 2011.

This paper contributes to the attempt of applying modelseafized
volatility to a multivariate framework. Alone, this is nobannovation to
the literature. However, we employ a greater than usual murobassets
and it is not straightforward to infer that the results witintinue to hold.
Moreover, the fact that Brazil is an emerging market rai$esduestion
whether adaptations to models originally designed to fisotidated mar-
kets are required.

We find that economic gains associated with realized vitlatiicrease
proportionally to the target return. We also show that, wtagget returns
are close to the risk-free, portfolios weights are heavédpehdent on the
risk-free asset. This finding allows us concluding thatizeal volatility
performs better for increasing levels of risk. Using theamuitional mean
as a reference for expected returns, an investor would dmgvilo pay
substantial positive fees to switch from a portfolio basedarvecasts taken
from traditional volatility methods to one based on realizelatility fore-
casts, when target returns are superior to 15% per year. \&keected
returns are bootstrapped, although fees are still positivaverage, high
standard deviation values lead us to conclude that utiking are equal
at a statistical viewpoint. Actually, when estimation risksignificant, av-
erage portfolio returns are far apart from target returrespective of the
volatility measure used, which is an indication that ecoitogains of re-
alized volatility are offset by estimation risk. We also foem robustness
checks that confirm that, when estimation risk is negligibtnomic gains
are robust to changes in the parameters of the economity @atild of the
optimization problem. Finally, we conclude that the inamsof an exter-
nal risk factor, aimed at adapting the model to an emergirmgaay, do
not add in terms of utility gain.

Our results represent an important input to the applidstili realized
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volatility as a reference for risk estimates for the stockketin Brazil. It
provides additional evidence to the literature that linksifive economic
values associated to realized volatility, as Christoffarst al. (2012), in
their study of the benefits of realized volatility measum@sodption pricing,
and Fleminget al. (2003), which used it as an input for a volatility timing
strategy based on four assets traded at the US futures market

The text is organized as follows. In Section 2, we provide teglized
volatility concepts. Next, we document the database ssuxoe how we
compute multivariate volatility. In Section 4, we preseunt gersion of the
HAR model and describe its application to a multivariateisgt Then, we
present the methodology behind the evaluation of the ecangains and,
in Section 6, discuss results and robustness checks. Y inadl offer our
concluding remarks in Section 7.

2. Theoretical background: Realized Volatility

We will provide a brief review of the theoretical framewonkderlying
the realized volatility (RV) measure. The theory of Quaidraariation is
the baseline to understand how we obtain this direct meadwaatility.

We begin by assuming that logarithm prices) (follow a continuous-
time diffusion process given by:

p=m+ [ s+ [ o))

whereW (t) is a standard Brownian motiopt) is the mean process with
finite variation andr(t) is the instantaneous volatility which, by definition,
is a positive process.

Over the time intervalt — &, t], the continuous compound retuir ;, =
pt — pe—g) IS given by the following process:

t t
re = / w(s)ds +/ o(s)dW (s) (1)
t—k t—k
When we sum up the contribution of the mean compongft), to
the variation of returns we will find out it can be ignored. s be-
causeu(t)dt is of lower order of magnitude when compared to the second
termo(t)dW (t) in terms of second order properties (Andersen & Benzoni,
2009). Then, Quadratic Variation (QV) is defined as follows:
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t

QV(t, k) = / o(s)?ds 2)

t—k
Suppose that one has all available information on intradayms of an

asset making it possible to calculate the sum of the squataths sampled
at a given frequency, over a trading day:

T
RV, =Y r} (3)
i=1
whereRV is the Realized Volatility measure.

With no microstructure noise, Andersenal. (2003) showed thaD1
converges in probability t®®V. So, RV, defined as the sum of squared
intraday returns, is the discrete version of the quadratitation process.
However, it does not come without a cost as it raises a sesoéssrelated
to microstructure of transaction that will be discussedeati®n 3, as we
describe the construction of the database.

3. Database Construction

We use a database that contains all intraday trading pridée stocks
traded at BM&FBovespa. The time series ranges from Febf2@0$ to
January/2011 and we select the twenty stocks listed in ThblEhere are
two main reasons behind the outcome of this selection. Bfrsil, we
want to work at the highest possible frequency and minimimeosatructure
biases that arise when working with stocks with low liquidiAs we will
see, all of the selected stocks meet this liquidity criteri@esides, since
we are doing out-of-sample forecasts that require a largebeu of days
to work properly, we rule out stocks that belong to the databfar less
than 300 trading days. In fact, we also benefit from the lotiges period
of the databageby performing robustness checks with different estimation
windows.

1The five-year time-period of the database is superior tordttgh frequency studies
concerning Brazilian stocks
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Stocks in Brazil are divided into preferred (PN) and comm®oiN)
shares. The main difference is that the first type has theityriover div-
idend distributions, but does not give voting rights. As y@n see in the
following table, both types of shares are well representedur database
which consists of actively traded assets whose gaps bete@esecutive
trades do not exceed 26.9 seconds. The range of sectorsechpgsour
stocks’ selection just reflects the diversification of Bliamiindustry. Thus,
the concentration on the basic materials’ industry is netrprise, but other
important industries such as financial and utilities areeggnted as well.

Table 1
List of market indicators for each stock

This table provides a set of information regarding all thiected stocks. Stocks’ codes and re-
spective industry sectors were obtained from BMF&Boved§pe total number of transactions is
the sum of closed deals for each stock during the sampledheviee also report the average gap
between transactions which is the average time, measusstands, between consecutive trades.
The sample period is February/2006 to January/2011.

Stock Total number of Sector Average gap between
transactions transactions
(millions) (in seconds)
Ambev PN (AMBV4) 1.49 Consumer 26.9
Bradesco PN (BBDC4) 6.00 Financial 6.7
Bradespar PN (BRAP4) 2.12 Financial 18.9
Banco do Brasil ON (BBAS3) 4.70 Financial 8.5
Cemig PN (CMIG4) 3.04 Utilities 13.1
Cia Siderurgica Nacional ON (CSNA3) 4.36 Basic Materials 29
Cyrella ON (CYRE3) 3.69 Real State 10.8
Eletrobras PN (ELET6) 2.03 Utilities 19.6
Gafisa ON (GFAS3) 3.14 Real State 12.7
Gerdau PN (GGBR4) 6.23 Basic Materials 6.4
Petrobras PN (PETR4) 17.53 Basic Materials 2.3
Usiminas PN (USIM5) 491 Basic Materials 8.1
Cia Vale do Rio Doce (VALES) 15.26 Basic Materials 2.6
OGX Petroleo ON (OGXP3) 3.29 Basic Materials 6.4
Itausa Investimentos ON (ITSA4) 5.22 Financial 7.6
Itau Unibanco Holding S.A. ON (ITUB4) 3.67 Financial 3.7
PDG Realty S.A. ON (PDGR3) 2.54 Real State 12.6
Hypermarcas ON (HYPE3) 0.98 Consumer 22.7
BMFBOVESPA S.A. ON (BVMF3) 6.01 Financial 3.2
Redecard ON (RDCD3) 2.58 Financial 10.9

Note: In parenthesis, the stock code at BMF&Bovespa.
ON - common share PN - preferred share.
Source of Information: BMF&Bovespa.
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Before constructing the realized volatility estimates finst decision
concerns the sampling frequency. The choice of the optinegluency in-
volves a trade-off between microstructure issues and lbisgsamation as
we will discuss below. If we increase the sampling frequeney bring
to light microstructure problems, such as the bid-ask beusued error
measurement due to price discreteness. In this respaefahialia (2005)
showed that, in the presence of microstructure noise, jitisnal to sample
less frequently than it would otherwise. On the other hamdr decreasing
the sampling frequency does not make sense in an intraddysemarlhe
5-min sampling frequency is our choice as is the common jo@aab the
realized measure literature, (Flemiegal, 2003, Anderseret al., 2000,
among others), and also in stock market applied studiegiéchi Voev,
2011, Golosnoet al, 2012, Andersesmt al,, 2003, among others).

Once having chosen the 5-min frequency, the next step wasdo i
polate transaction prices in order to obtain a regularlycegaime series
starting at 10:00 AM, local time, and ending at 17:00 PKifter cleaning
the database for outliers and treating simultaneous obigens® we iden-
tified the transaction prices nearest to the 5-min grid. Athalstocks have
high liquidity parameters, it is fair to consider that thiscp remains valid
until the end of a given 5-min grid. By first differencing thesylprices for
all grids, we obtain the 5-min returns. In table 2, we can bag &lthough
autocorrelations are very close to zero in most cases, gragin mostly
negative until lag 5 probably due to residual microstruetuoise.

20Opening time varied through the sample, and calculations wmdified according to
these changes.

3Due to trading report approximations, some transactionsroed at the same time. In
these cases, we took the average value as a solution.
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Table 2
Autocorrelation of intraday returns

This table presents the autocorrelation of intraday retwonsidering a sampling
frequency of five minutes. Autocorrelations are compute@éeh stock and different
lag lengths. The 5-min returns are based on intraday tréoegarices nearest to each
five-minute gridpoint. The sample period is February/2@®8anuary/2011.

Stock Lagl Lag2 Lag5
Ambev PN (AMBV4) -0.019 -0.025 -0.005
Bradesco PN (BBDC4) -0.014 -0.010 0.006
Bradespar PN (BRAP4) -0.013 -0.002 0.009
Banco do Brasil ON (BBAS3) -0.018 -0.021 -0.004
Cemig PN (CMIG4) -0.027 -0.027 0.007
Cia Siderargica Nacional ON (CSNA3)  -0.018 0.000 0.005
Cyrella ON (CYRE3) -0.029 -0.006 0.001
Eletrobras PN (ELET6) -0.015 -0.017 -0.004
Gafisa ON (GFAS3) -0.026 -0.017 0.001
Gerdau PN (GGBR4) -0.026 -0.002 0.007
Petrobras PN (PETR4) 0.000 0.002 0.005
Usiminas PN (USIM5) -0.020 -0.016 0.012
Cia Vale do Rio Doce (VALES) -0.013 0.002 0.007
OGX Petroleo ON (OGXP3) -0.046 -0.018 -0.004
Itausa Investimentos ON (ITSA4) -0.013 -0.004 0.008
Itau Unibanco Holding S.A. ON (ITUB4) -0.036 -0.010 -0.007
PDG Realty S.A. ON (PDGR3) -0.047 -0.013 -0.016
Hypermarcas ON (HYPE3) -0.026 -0.016 -0.021
BMFBOVESPA S.A. ON (BVMF3) -0.019 -0.004 0.014
Redecard ON (RDCD3) -0.031 -0.007 -0.007

Note: Own elaboration. Source of information: BMF&Bovespa

To compute realized volatilities, we refer to Lénal. (2013) who com-
pared a great variety of realized measures in terms of fet@gpaccuracy
and concluded that it is difficult to beat a simple 5-min RV swea, the one
without correction for microstructure or the use of tickiigk information.
In this sense, RV is defined for each sta@nd dayr as:

T
R‘/i,T = Z Tz'Q,T,t (4)
t=1

wherer; -, is the 5-min return of stock andT" is the number of 5-min
intervals in a day.
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The covariance measures are estimated as below, for each aag
pair of stocks { j):

T
RCOVijr = izt ®)
=1

wherer; ., andr; -, are the 5-min returns of stocks, () and T is the
number of 5-min intervals.

This measure is the covariance counterpart of Rhé measure, with-
out correction for microstructure and will be used in ordepteserve the
compatibility with the RV measuré.

4. The Model: Heterogeneous Auto-Regressive (HAR)

Before getting into the details of our model, it is interegtio discuss
the desired properties of a volatility model. One stylizadtfis that the
distribution of returns departs from a normal distributioks you can see
in Table 3, this is especially true for all the stocks anatlyaethe study
in that all exhibit excess kurtosis and rejection of the iyibothesis of a
Jarque-Bera test. A simulation exercise made by Corsi (26i0@wved that
we can recover this characteristic by applying a simple HAGRIeh.

“The literature has provided a number of possibilities tarexirfor microstructure.
McAleer & Medeiros (2008) described some of these methoads\idry according to the
assumptions regarding the noise structure. More recé&mhgi & Audrino (2012) proposed
a tick-by-tick approach.
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Table 3
Summary statistics for daily returns

This table shows summary statistics for daily returns betwieebruary/2006 and January/2011.
Returns are the mean daily returns based on closing pritasd&d deviation and kurtosis provide
a measure of dispersion and peakedness of the distributtidailg returns, respectively. We also

report the Jarque-Bera statistical test of normality fo#@lével of significance.

Stock Returns (Standard Kurtosis  Jarque-Bera
100 deviation} 100
Ambev PN (AMBV4) 0.01 2.66 7,98 Rejection
Bradesco PN (BBDC4) 0.06 2.75 7,64 of null
Bradespar PN (BRAP4) 0.01 3.08 6,58 hypothesis
Banco do Brasil ON (BBAS3) -0.01 4.00 8,85 of normality
Cemig PN (CMIG4) 0.02 3.00 6,71
Cia Siderargica Nacional ON (CSNA3) 0.02 259 5,04
Cyrella ON (CYRER) 0.01 3.91 7,49
Eletrobras PN (ELET6) 0.08 3.17 8,87
Gafisa ON (GFAS3) 0.01 2.25 7,52
Gerdau PN (GGBR4) 0.07 2.98 7,5
Petrobras PN (PETR4) 0.00 2.56 9,61
Usiminas PN (USIM5) 0.04 2.87 8,44
Cia Vale do Rio Doce (VALES) 0.07 2.10 7,97
OGX Petroleo ON (OGXP3) 0.03 0.042 6,54
Itausa Investimentos ON (ITSA4) 0.04 0.027 9,94
[tau Unibanco Holding S.A. ON (ITUB4)  0.02 0.018 5,66
PDG Realty S.A. ON (PDGR3) 0.09 0.038 7,71
Hypermarcas ON (HYPE3) 0.07 0.030 57
BMFBOVESPA S.A. ON (BVMF3) 0.00 0.040 7,86
Redecard ON (RDCD3) -0.03 0.030 5,4

Note: Own elaboration. Source of information: BMF&Bovespa

Another stylized fact is that financial volatility returnseausually long
memory processes where large volatility shocks are noktuforgotten.
In ARCH and GARCH models, autocorrelation decreases exyialy
when it should be a hyperbolic decay. In fact, our data suggevery
slow decay of autocorrelation in square daily returns, ulagol00, or ap-
proximately 5 months.

In this regard, Corsi (2009) proposes an additive modelithaimple
to estimate and able to replicate the long memory charatitedf volatil-
ity processes: the Heterogeneous Auto-Regressive (HAR)oldgh, Frac-
tional difference operators (FIGARCH and ARFIMA modelshih the
same long memory property of HAR processes, it lacks flagitaind eco-
nomic interpretation and also requires a great amount aftdatork prop-
erly.

The HAR model is supported by economic theory and, thus, Hugls
advantage of having economic interpretation. The Hetereges Market
Hypothesis was first presented by Mulletral. (1997). The idea behind
the theory is that if all traders were the same, prices shooiltverge im-
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mediately to its real price and the correlation between etaskesence and
volatility should be negative. However, this is not what pexps in prac-
tice and it is due to the heterogeneity of agents that exdcasactions
in different market situations and trading frequencies.sides, they are
motivated by a different set of factors such as endowmegteaeof infor-
mation, prior belief, as. Market makers and active investéor instance,
have a more immediate trading horizon and focus on shortresoits. On
the other hand, there are portfolio managers (financial anefinancial) as
well as investors which focus on medium and long term prdspeebal-
ancing their positions less frequently. These charatiesisnake room for
a model with short, medium and long term components such &.HA

4.1 The univariate case

We will provide the main features of the model that deparsnfithe
framework from Corsi (2009) and Corsi & Audrino (2012) witha ex-
ogenous variable included and additional features to altmwthe imple-
mentation of a multivariate setting. The basis for the awomesion of the
HAR models is LeBaron (2001), which shows that the long menpoop-
erty can be reproduced by a sum of three different lineargsses. In
both articles, agents’ heterogeneity is represented by &rfee scales (day,
week and month). For each level of the cascade, we define dsernvable
component, a partial volatility measur&( &t(w), o), as a function of the
past observation of the realized volatility and the exp@mtzof the partial
volatility of the next time scale. This last term accountstfee asymmetric
propagation of volatility which incorporates a stylizedtf¢hat longer term
volatility have stronger influence on short term ones tharirihierse. In the
framework of the Heterogeneous Market Hypothesis, it iy veasonable
to say that short term traders are more interested in thestdlegm volatil-
ity than the other way round. Thus, for the longer time spaantimly, in
our case), only the past observation remains. Accordiriigly,model can
be written as:

o ii)ld = aq+ BDRVY + 1D E;5 1w + wii)ld (6)
5 = g + BORV®) @ T ) @)
5 = am + ARV T ®)
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where RV, RV*) and RV,™ stands for daily, weekly and monthly

realized measures, respectively.
Over longer time horizons, realized volatility is definedaasaverage
of daily past realized volatilities over the time scale:

z 1
RV = ~(RV, + RV, + RV (©)

wherez is the number of days.

A single variable setting only requires an adequate erirgcture to
ensure positive definiteness. Alternatively, one can ugarithms instead
of the original variables. As we will see, extending thisnfiework to a
multivariate setting will require additional steps.

Besides, the return process is a function of the highestuéecy com-
ponent(r; = alfd)et). By recursive substitution, we reach the following
simple specification for the cascade model:

59, =a+ BYRVY + g RV 4 gmRY™ 4 ) (10)

By assuming that measurement errard?, "), wT"),) are con-
temporaneously and serially independent zero mean vgyittie partial
volatility measure can be substituted by the realized ililjatlirectly into

equation (10):

R‘/;(_f_qd ot ﬁ(d)RV;(d) n ﬁ(w)RVt(w) + B(m)RV;(m) + 6]Eal) (11)

+1d
4.2 The extension to the multivariate case

The first concern when working in a multivariate setting isweing the
positive definiteness of the covariance matrix. Hence, veslite decom-
pose the time-varying covariance matrix in such a way to ajuee this
property. Chiriac & Voev (2011) proposes a Choleski faziation that en-
sures positive definiteness. However, this option was tegiedue to the
fact that the results were dependent on the ordering of thetgsproba-
bly due to the larger number of assets we included in our wawkr{ty
instead of six). Bauer & Vorkink (2011) offer a more suitabtdution for
the decomposition. The method takes advantage of somel psefierties
of matrix exponential and logarithmic functions.

First of all, taking the matrix logarithm of a real, positigefinite matrix
results in a real, symmetric matrix. Thus, consider the Gamae matrix

330 Rev. Bras. Financas (Online), Rio de Janeiro, Vol. 12, N&eptember 2014 0=



Economic Gains of Realized Volatility in the Brazilian Stadarket

32 of dimension 20x20, which is symmetric and positive defiaite apply
the logarithm functior.

Ay = logm(3t) (12)

where thelogm function computes the matrix logarithm using the algo-
rithm proposed by Higham & Davies (2003).

Note that this transformation involves a rotation in thegiral ele-
ments, which are not represented one by one in the new sgecdod-
space. Ityields a real, symmetric matrix which will be usexdthe purpose
of forecasting. This is done by stacking the columns of theeugportion
of matrix A; one under another, into a single column.

agi) = vech(Agi)) (13)

where the vecton; has 210 elements andch is the function that creates a
column vector whose elements are the stacked columns opfier portion
of a given matrix. The index (i) refers to daily (d), weekly)@nd monthly
(m) covariance matrices.

To estimate the conditional variance we use different $igations for
the multivariate HAR model. As we aim a good out-of-sampleefits, we
need to control the degree of parameterization. If, for eamlmtion, we
included the information from all the other assets we wowddehat least
12 additional regressors at each forecast. So, we needecpoup cross-
asset information into few variables. By applying a PriatiSomponent
Analysis, we can consolidate into as many variables as we. Wdne first
component already accounts for more than 70% of the variaftte real-
ized volatilities and it suffices for the purpose of foreaagst We will call
this the market volatility (MV)?

As Brazilian market is notoriously affected by externaltéais, another
additional feature is to include a proxy for the volatilitytbe US market.
The VIX index is a measure of the implied volatility of S&P 5@@ded

SAfter computing the autocorrelation functions, we coneldbat the long memory is
preserved even after the logarithmic transformation.

®In the remainder of the paper, the volatility timing strategll be evaluated under dif-
ferent estimation windows. In order to ensure that this@seris strictly out-of-sample, the
MV variable has been computed over the same rolling windoth@segression estimates.
Note, however, that some assets do not belong to the datalveseFebruary, 2006. We
progressively incorporate new assets in the variable MVrwtgenumber of trading days is
greater than the estimation window.
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at Chicago Board Options Exchange Market. For the sake gblwiiy,
we will use only its last observation, avoiding introduciaigother cascade
variable. Besides, it is fair to say that distant externddtility horizons are
already absorbed by the domestic realized measures.

In what follows, we present the final specification that witl tested
in equation (14). To Corsi’'s HAR specification, we include thaily VIX
index and market volatility (MV) as exogenous variables.

ity = a+8Daq? +5Wa + gMa™ 4 oDy (14)
d)

+ MV 4 oMMV 4 log(VIX,) + €D,

Finally, to obtain the forecasted value in the original paeter space,
we apply the exponential matrix functioaxpm) to the covariance matrix
in the log-space, a procedure that preserves its positiieitdé@ess.

Bt+1 = expm(Apy1) (15)

where A, is the symmetric matrix reconstructed by the elements of the
forecasted column vectay ;.

The functionexpm in Matlab performs the following mathematical op-
eration: et = Y°7° LA, following the scaling and squaring method
proposed by Higham (2005) that, according to Moler & Loan0@0 is
one of the preferable methods.

Model (14) is our multivariate version of the HAR model usieglized
volatility and will be referred as MHAR-RV in the remainderthe paper.

4.3 Out-of-sample performance

Now we turn our attention to obtain forecasting estimategtHe next-
period realized volatility. The time horizon has been defias one day.
Ideally, we want that realizations of the forecasting etmbe unpredi-
ctable. Andersest al. (2006) proposes a natural diagnostic of this property
with a simple linear regression under a general loss functio

OL(yr+1,yt + 1]t)
9y

where the regressaf; can be defined arbitrarily.

Ey] =a+ b+ e (16)
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This regression can be estimated by OLS taking into accdunhét-
eroskedasticity of errors. A well calibrated forecastingthod should re-
sultina = b = 0. If we take the loss function as quadratic andas the
forecasted volatility, we can rewrite equation (16) as:

O't2:t+1 =a+(b+ I)Utzﬂ_1 + €11 a7)

Realized volatility allows us to compute the ex-post measuf, 41)
and our multivariate HAR-RV models will generate differeneasures of

theex-antone(c7,, ). This is the so-called Mincer-Zarnowitz regressions
which are applied to our realized variance/covariance oreas

The Mincer-Zarnowitz tests for realized variances show thiacoeffi-
cients are significantly equal to zero for 17 out of 20 stodise rejection
of the null hypothesis of alld’ coefficients, in turn, implies the presence of
systematic forecasting errors. Stocks with the lowestidiigy levels, that
is, the ones with the most average gap between transactanslable 1,
showed the poorest fits suggesting that it can be an impaitaser to the
models’ performance.

We also perform the Mincer-Zarnowitz teSter realized covariances
relatively to PETR4, the most representative stock in thalmsse. Once
more, we identify the presence of systematic forecasting®r The com-
parison of the average®Rtatistics indicates that variance fit is superior to
the covariance one. The difference can be attributed toabethat our
MHAR-RV model does not allow for potential divergences imis of long
memory properties between variance and covariances.

In Brazil, Wink Junior & Pereira (2012) analyze out-of-sdenpealized
volatility forecasting performance of five Brazilian steck The authors
conclude that there were no significant different betweensiGoHAR-
RV and Mixed Data Sampling (MIDAS-RV), developed by Ghysetisl.
(2004).

5. The comparison of Economic Value

Besides forecasting, conditional covariance estimatitirbe valuable
for the purpose of portfolio optimization. According to itsestment hori-
zons, agents rebalance its portfolios in the face of evaritends that rede-
fine the perception of each stock parameter, especially rmaedvariance

"The results for the Mincer- Zarnowitz tests (variances am@iances) are available
upon request.
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of the expected returns. A multivariate framework is paittidy important
as we are usually dealing with multiple assets whose comergmeed to
be taken into account. The set up of the optimization proldemends on
what one wants to test.

Fleminget al. (2001) defined an optimization problem based on a vola-
tility timing strategy that is well suited to our subject oftérest, i.e., the
analysis of covariance measures and model’s estimatiomatithors com-
pared a daily rebalanced portfolio with a static one in teaheconomic
utility. This methodology seeks to estimate how many bagintg a mean-
variance investor would be willing to pay to switch strag=gi Fleming
et al. (2003) did the same kind of analysis just switching from a GAR
estimation procedure to a model based on realized vojatilit

We compare our specification of the MHAR-RV model with twadira
tional models, namely Multivariate GARCH (MVGARCH) and BExen-
tial Weighted Moving Average (EWMA). EWMA is the most commap-
proach to calculate time-varying covariance matrices. éfmdd by Risk-
metrics, the daily volatility is calculated as follows:

Q=AY (1=N"Y Yy (18)

whereY; is the matrix of daily returns. Although the parametes defined
arbitrarily, Riskmetrics recommends using 0.06 for stockie idea is to
assign higher values to most recent observations.

The MVGARCH calculation builds on the work of Engle (2002l
with large conditional covariance matrices. Decomposhedonditional
covariance matrix, we obtain:

Qt\t—l = Dt|t—1rt|t—1Dt\t—1 (19)

Bollerslev (1990) assumes that the temporal variationerctivariances
is driven only by standard deviations, making,_,_T', for everyt. Engle’s
DCC (dynamic conditional correlation) model assumes thatcorrelation
process follows a GARCH (1,1) process, avoiding the oveskfivation
from Bollerslev’s model.

Consider an investor that follows a volatility timing s&gy, where he
wants to minimize volatility subject to a target retugr,), as in (20). Let
¥; be the 20x20 conditional covariance matri¥,; andy = E(Ri11)
be a 20 x1 vector of risk asset returns and its expectatioasalso be the
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risk-free assefi;; andw; a 20x1 matrix of the portfolio weights.

. /
mznwtwtztwt

stwip + (1 —wil)Ryy = pp (20)

Concerning the risk-free asset, some remarks must be madi thie
Brazilian economy. First of all, the choice of the refererate is not free of
controversy. As we do not have a highly active secondary etéok federal
government bonds, it is necessary to choose a referenceef@hort-term
rate. The 30-day swap, a futures contract traded at BVM&R, risarket
reference for the evolution of short-term interest rateke hterbank de-
posit rate (CDI — Certificado de Dep6sito Interbancariould be another
option. However, this measure is more sensitive to markedlitions that
do not affect the fundamentals of a riskless asset. Besiu#s, that the
variable was indexed by time due to the fact that the prinerést rate var-
ied considerably over the sample period. This is in odds Wighconstant
value assumption, as of Flemirgg al. (2001, 2003). Allowing for short
selling, the solution for the minimization problem resuttghe following
equation for portfolio weights.

wy = (= Rp) Y = By 1)
(= Rpsl) 37 (1 = Rygl)

The computation of portfolio returns generated by (21) taite ac-
count trading costs, which may be a relevant portion of higlgdency
strategiesR,, ; = Z?gl(wi,t.Ri,t— (wj ¢ —wj—1)Trading costs;), where
w; ¢ is the weight of stock at timet and R; , its daily return. In this respect,
BMF&Bovespa provides information on trading and post-ngdcosts to
day-trade operations. Since such costs vary accordin@dingy volume,
we will consider the highest-cost scenario (0.025% peiiricgdwhich cor-
responds to investments up to $ 4 million and $ 20 million Biaz reais,
respectively to individual and institutional investors.

According to Fleminget al. (2001), volatility timing strategy benefits
from smoother conditional covariance matrix values. If wenparé the
three measures of volatility for the most liquid stocks of database (Vale
and Petrobras), the volatility series move together fomtlest part of the

(21)

8Graphs of the conditional volatility and covariance measiaf Vale and Petrobras are
available upon request.
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sampling period, except in the period surrounding the 20fd8ancial crisis
and also around the second trimester of 2007, when MHAR-R¥&frdes.

Now consider the rationale for the evaluation of the ecowowaiue.
The choice of the utility is arbitrary but should be consist&ith the prob-
lem at hand. In this sense, in an optimization problem wist ind second
moments involved, a quadratic utility is a natural candidaMoreover,
it can be viewed as a second order approximation of any ioveattility.
From this point, we will follow the utility format proposed/f-leminget al.
(2001), wherdl, 1 is the investor wealth &t+ 1 and a is his absolute risk
aversion.

aW?
UWigr) = WiRp 1 — TtRi,m (22)

whereR, ;1 is the portfolio return, including the risk-free asset.
If we hold al¥; constant, this is equivalent to setting the relative risk
aversion constartty). It allows us to calculate the average utility as follows.

T-1
U(.) = WO(; Rp 41— ﬁ%,tﬂ) (23)
whereV 0 is the initial wealth.

The value of volatility timing is calculated by equating #eerage util-
ity of two alternative portfolios. This equality is obtaoh®y including an
operatorA in one side of the equation and, then, calculating the valuk o
that equates both sides (the result of a second order polgfjom

~
L

(Rlp,tJrl - A) - (Rlp,tJrl - A)Q = (24)

2(1+7)

~+
I
o

T—1
Z Rop 41 — 42(11 )R%p,t-l-l
t=0 v

If asset 1 is the MHAR-RV portfolio, the value & can be interpreted
as its economic gain or performance fee associated to smgtd¢b an al-
ternative portfolio based on a different measure of valgt{lasset 2). It
resembles the concept of certainty equivalent as the vdlu® can also
be interpreted as the risk premium associated with the ehafia strategy
based on realized measures.
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6. Results

We propose a baseline scenario which will be explored inildetel
we will additionally introduce changes one at a time, thuabding us to
isolate the effect of each choice and confirm if they are natraéto the
results. Regarding the volatility forecasting procedufesinstance, each
econometric approach requires a minimum window lengthHerestima-
tion in order to avoid small sample bias. In this sense, oseli@ scenario
considers an estimation window equal to 150 trading daysivaignt to
approximately 7 months.

Back to equations (22) and (23), it becomes clear that langad of risk
aversion impose a penalty on large variations of the paotfeturns. Using
different utility specification, Issler & Piqueira (200@und that investors
in Brazil are more risk averse than in US. However, theimested results
did not indicate an unambiguous value for this parametems€guently,
concerning the investors’ utility, it is more realistic tag with an average
risk-averse investor (risk aversion parameter equal teefhand we treat
extreme investors (risk aversion parameter equal to onteanes a special
case in section 6.4. For the same reason, we opt for a daigstiment
horizon to account for more active traders which rebalaheg portfolio
at higher frequencies.

In the minimization problem (20), you can see that there areen
strictions on short selling. Short selling is a key tool fedging purposes
and many financial economists believe that it is necessayetent prices
from reflecting only the views of the most optimistic investin the mar-
ket. Hence, a decrease in return volatility is the expecfftteof such a
strategy with higher weights on the risk-free asset, whikedxcess return
is obtained through the alternation of long and short pwséti The size of
the stock lending market in Brazil can be used as a proxy & ithfe fre-
guency of short selling operations. According to Chague @C44), stock
lending experienced a substantial increase, from $ 1.56rbih 2000 to
$ 436.3 billion dollars in 2011. More importantly, almostBgtocks were
involved in at least one lending operation in 2011, endgr#ie reference
scenario where short selling is allowed. In this respectwiliealso per-
form a robustness check with no short selling allowed, wherexpect not
only the weight on the risky assets to increase but returatiioy as well.

In asset pricing, estimation risk refers to investor's utaiaty about
the parameters of the return, playing a major role in oumoigttion prob-
lem. As estimation risk can offset or even overestimateipteseconomic
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gains associated with our reference portfolio, MHAR-RWhghould we
deal with this issue? We will split economic gain analysiscading to the
level of control over estimation risk. First, we consideritaaion of mi-
nor estimation risk that is controlled by using ex-post infation, i.e., the
unconditional expected returns are applied through thdevbample. As
the riskless asset changes its price, risky assets tendve aszordingly.
In other words, considering Rf conditional on time is indstent with an
unconditionalu. In this sense, we considered a second level of estimation
risk that takes short term expectations into account byutaiog expected
returns based on the conditional mean. We will also consdéird situ-
ation, where estimation risk is accounted for by bootstiragpgach return
series.

Before proceeding, we should remind that we do not want totfied
best method to forecast returns as we know all the difficultiderent in
this task. However, we believe that changing this assumatia amplify-
ing the scope of the study allows us to make more sound caaokiabout
it. The economic gains and all returns and interest ratesxgmeessed in an
annualized basis.

6.1 Unconditional mean

This is the so called “no estimation risk” situation desedlby Fleming
et al.(2001). From Table 4, we can see that MHAR-RV economic gaias a
positively correlated with target return levels. For a érigvel of 17.5%
and when short selling is allowed, an investor would be mgllio pay 30.9
and 109.3 basis points to switch from a portfolio based on EAVAhd
MVGARCH, respectively, to a portfolio based on MHAR-RV fossts.
Fleminget al. (2003) made a similar comparison and found a performance
fee of 21.9 basis pointsbetween a rolling RV estimator and a EWMA
approach. In spite of the fact that the results are not dyrecmparable®
the fact that they are in the same order of magnitude even algpater
number of assets is included in the multivariate settingikhbe seen as an
indication of the benefits of realized volatility.

For low target levels, realized volatility does not have pesior perfor-

®With no correction for microstructure and inclusion of avight returns in the volatil-
ity measurement procedure amd= 1.

OThere are differences in the RV forecasting model and ingtel lof risk of the assets
involved. The target return is 10% while the risk-free legeb% a year and assumed to be
constant over the sample period.
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mance, probably due to the proximity between the target bawe risk-free
levels in the Brazilian economy leading to portfolio weigttiat reduce the
value of volatility timing. In fact, the optimization pradan induces a self-
financed portfolio, with near-unity risk-free portfolio vg@its and alternate
long and short positions in the risky assets of low absolatee; depending
on the expected returns.

Table 4
Economic gain (in basis points) between the reference aerhative portfolios

The database covers the period from February 2006 to Ja@0ady for the twenty
stocks listed in Table 1. Portfolio weights were computetbading to the volatility-
timing strategy described in equation (21), allowing fooiselling and equaling the
expected return for each stock to its unconditional meare fohecasted values of
realized volatility are based on equation (14). Utilitygmivere then computed as in
equation (24), withy = 3. The size of the estimation window is 150 trading days.
Target returns are expressed on an annual basis.

Reference Alternative Target
portfolio portfolio return
wp = 12.5%  pp = 15.0% wp = 17.5%
MHAR-RV EWMA -68.6 18.8 30.9
MVGARCH -11.8 49.3 109.3

With Table 5, we are able to take a closer look at the resulterim
of weights and returns. As expected, increasing valuehotarget return
leads to higher risk levels, as measured by the return’slatdrdeviation.
Moreover, weights on the risk-free asset are near to 100% instances.
To account for risk reward, Sharpe Ratios show that MHAR-R¥tfplio
is superior for target levels of 17.5%, but this advantagetsstrong at the
15.0% and 12.5% levels just as the economic gain analyséalevNote
also that average portfolio returns are an increasing iomaif the target
return confirming the efficacy of our strategy to control fetimation risk,
but we will see that this superior performance is only prangigs long as
we use ex-post information, that is, if one has informati@uvantage.
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Table 5
Descriptive statistics for portfolio returns

Statistics are derived from the daily portfolio returnspnsucted with the weights
generated by the volatility-timing strategy (21), in anaalized basis. Short selling
is allowed and expected return for each stock is equal tonitenrditional mean. The
size of the estimation window is 150 trading days. The Sh&ato measures the
excess return relatively to the average risk-free rate7@b).per unit of deviation.
For each target return, we also report the average anndalaby return, annualized
standard deviation and the average weight on the risk-fsetaTarget returns are
expressed on an annual basis.
Target return=12.5%

MHAR-RV  EWMA MVGARCH
Average Return 12.19% 12.29% 12.08%
Standard Deviation 1.71% 1.88% 1.77%
Sharpe Ratio 0.29 0.31 0.21
Weight on risk-free asset 100.0% 99.8% 99.8%
Target return=15.0%
MHAR-RV ~ EWMA MVGARCH
Average Return 13.87% 13.20% 13.86%
Standard Deviation 3.48% 3.76% 3.44%
Sharpe Ratio 0.62 0.40 0.63
Weight on risk-free asset 101.7% 99.7% 99.9%
Target return=17.5%
MHAR-RV ~ EWMA MVGARCH
Average Return 16.87% 14.04% 15.49%
Standard Deviation 5.65% 6.11% 5.56%
Sharpe Ratio 0.92 0.38 0.68
Weight on risk-free asset 103.0% 99.4% 99.9%

6.2 Conditional mean

Using the conditional mean as the parameter for the estmati ex-
pected returns, we aim to progressively increase the expdsuestima-
tion risk. With that in mind, we calculated the conditionakam as an
annualized average return of the past six-months, or 12ihgadays ap-
proximately. Additionally, to avoid excess variabilityevassume that the
investors updated expected returns on a monthly basisthieeconditional
mean remained constant over the next 20 trading days.

Comparing to the “no estimation risk”, Table 6 shows thatrecnic
gains not only increased substantially but are positivellioa@amparisons.
Performance fees remains positively correlated to thetaegurn and gains
are superior when EWMA is the alternative portfolio. Ecomomains
range from 13.0 to 152.1 basis points taking MVGARCH as thera-
tive portfolio.
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Table 6
Economic gain (in basis points) between the reference aerhative portfolios

The database covers the period from February 2006 to JagQa#yfor the twenty stocks
listed in Table 1. Portfolio weights were computed accagdio the volatility-timing
strategy described in equation (21), allowing for shoriirsgland equaling the expected
return for each stock to its conditional mean. The forechstdues of realized volatil-
ity are based on equation (14). Utility gains were then caexbwas in equation (24),
with v = 3. The size of the estimation window is 150 trading days. Targ®irns are
expressed on an annual basis.

Reference Alternative Target
portfolio portfolio return
pwp = 12.5%  pp = 15.0% wp = 17.5%
MHAR-RV EWMA 19.4 125.9 231.1
MVGARCH 13.0 83.1 152.1

Turning to Table 7, we are able to evaluate the dramatic eéfees-
timation risk on portfolio returns given that volatilityning strategies are
not able to deliver returns that are even close to the tasgeept when
target returns are close to the risk-free rate. One diratsaquence is the
occurrence of negative Sharpe Ratios as long as the averages are al-
ways lower than the average risk-free rate. The risk-freetamaintains a
high share in portfolio composition and the poor results loarattributed
to the failure of conditional mean as a viable return forecddoreover,
average returns lose the positive association with taegatnrs, producing
additional evidence of the fundamental role of estimatisk in the out-
come of the volatility-timing strategy.
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Descriptive statistics for portfolio returns

Statistics are derived from the daily portfolio returnspswucted with the weights
generated by the volatility-timing strategy (21), in an aalized basis. Short selling
is allowed and expected return for each stock is equal tooitgliional mean. The
size of the estimation window is 150 trading days. The Sh&gko measures the
excess return relatively to the average risk-free rate7(%4). per unit of deviation.
For each target return, we also report the average anndaleiéy return, annualized
standard deviation and the average weight on the risk-seeta Target returns are

expressed on an annual basis.

Target return=12.5%

6.3

In order to obtain comparable results, we performed a sitionlap-
proach similar to the one employed by Flemiegal. (2001). For each
asset, we first generated a bootstrapped series of 2000vatises with
replacement. Then, we calculated the average return of iste5f0 ob-
servations and executed the same steps for 1000 times. Fabla 8§, we
conclude that estimation risk offsets economic gains aat&mt with our
realized volatility measure. Although performance feesiargeneral pos-
itive on average, standard deviations are too large atiatgtat viewpoint.
While economic gains increase with the target level, theesgaes for the

MHAR-RV  EWMA MVGARCH
Average Return 10.78% 10.57% 10.64%
Standard Deviation 0.62% 0.64% 0.57%
Sharpe Ratio -1.48 -1.77 -1.86
Weight on Riskfree asset 99.5% 99.8% 99.8%
Target return=15.0%
MHAR-RV  EWMA MVGARCH
Average Return 10.59% 9.20% 9.66%
Standard Deviation 1.23% 1.27% 1.13%
Sharpe Ratio -0.90 -1.97 -1.81
Weight on Riskfree asset 98.5% 99.5% 99.4%
Target return=17.5%
MHAR-RV ~ EWMA MVGARCH
Average Return 10.41% 7.89% 8.78%
Standard Deviation 2.03% 2.06% 1.84%
Sharpe Ratio -0.64 -1.85 -1.59
Weight on Riskfree asset 97.4% 99.2% 98.9%
Bootstrap

standard deviation figures.
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Table 8

Average economic gain (in basis points) between the reterand alternative portfolios

The database covers the period from February 2006 to Ja@0dry for the twenty stocks
listed in Table 1. The results in the table are based on 1000lation trials. Portfolio weights
were computed according to the volatility-timing stratetggcribed in equation (21), allowing
for short selling and equaling the expected return for etmtkgo its bootstrapped mean. The
forecasted values of realized volatility are based on égugfi4). Utility gains were then
computed as in equation (24), with= 3. The size of the estimation window is 150 trading
days. Standard deviations are reported in parenthesigyefTegturns are expressed on an

annual basis.
Reference Alternative Short selling
portfolio portfolio allowed
pp =12.5%  pp = 15.0% pp = 17.5%
MHAR-RV EWMA -19.6 0,5 35
(66.9) (61.5) (66.5)
MVGARCH -100.4 9.2 52.4
(201.7) (220.5) (223.0)
Table 9

Descriptive statistics for portfolio returns

Statistics are derived from the daily portfolio returnspswucted with the weights
generated by the volatility-timing strategy (21), in an aalized basis. Short selling
is allowed and expected return for each stock is equal toitésrapped mean. The
size of the estimation window is 150 trading days. The Sh&gko measures the
excess return relatively to the average risk-free rate7(%4). per unit of deviation.

For each target return, we also report the average anndaleiéy return, annualized
standard deviation and the average weight on the risk-fseeta Target returns are

expressed on an annual basis.

Target return=12.5%

MHAR-RV  EWMA MVGARCH
Average Return 12.15% 11.83% 12.24%
Standard Deviation 1.23% 0.95% 1.02%
Sharpe Ratio 0.37 0.14 0.53
Weight on Riskfree asset 101.0% 100.1% 100.3%
Target return=15.0%
MHAR-RV ~ EWMA MVGARCH
Average Return 11.95% 11.99% 11.86%
Standard Deviation 1.14% 0.98% 0.97%
Sharpe Ratio 0.22 0.30 0.16
Weight on Riskfree asset 100.7% 97.9% 97.5%
Target return=17.5%
MHAR-RV  EWMA MVGARCH
Average Return 12.26% 12.27% 12.03%
Standard Deviation 1.28% 1.26% 1.05%
Sharpe Ratio 0.44 0.45 0.31
Weight on Riskfree asset 100.0% 100.0% 100.0%

A closer look at the behavior of returns and weights show &vat-
age returns are stable over different target levels andawofar from the
average risk-free rate (11.7%). Thus, under differentrrescenarios pro-
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vided by our bootstrap simulation, volatility timing stgl is only able to
incorporate a small premium over the risk-free rate on aeera

6.4 Additional Robustness checks

In an attempt to isolate the effect of the different volgtiimeasures
in a volatility-timing strategy, all robustness chetkwill consider the “no
estimation risk” case, setting aside the issue of the rolexpiected re-
turns in the optimization problem. So far, out-of-samplect@asts have
been obtained with an estimation window of 150 trading da§g.com-
puting economic gains with increasing window sizes (200 26@ trading
days), results are robust as long as our first insights dictimange. Eco-
nomic gains are still positively related to target returiifie only notice-
able change is the improvement of MVGARCH-based portfai@atively
to the EWMA ones, suggesting that MVGARCH performs bettetdmer
estimation windows.

Recall that, to the basic structure of a HAR model, we inclivade ex-
ogenous variables: VIX and a proxy for the domestic markétifidy. We
wonder if economic gains are a consequence of a more compteXR
RV setting than EWMA and GARCH models. In this sense, we cdmpu
the economic gains with a basic HAR without exogenous vegain the
“no estimation risk” case and find that, not only performafees are in
the same order of magnitude for different target levels,dis the rela-
tion between target levels and economic gains remainsiy@sience, we
can state that the realized volatility gains cannot bebatteid to our model
specification provided that overall conclusions are rolbost. Remem-
ber that the inclusion of exogenous variables aimed at adpfiie model
to an emerging country environment. The results, thus, sthawsuch
adaptations do not improve the volatility-timing stratdmgsed on realized
measures.

The introduction of a short selling restriction comes as tunah ro-
bustness check as we expect a huge change in portfolio cdioppsvith
substantial lower weights of the risk-free asset. It hapgerbe the case
that, when the target return is 17.5%, the risk-free assgiorels for less
than 30% of portfolio composition irrespective of the viigt measure
used. Besides reducing economic gains, utility gains aigetaeturns lose
the positive association verified in previous results.

In the reference case, investors’ relative risk aversigrh@s been set

"Detailed results are available upon request.
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to 3. When~ alternates between extreme cases (1 and 10), the investor
will impose lower ¢ = 1) or higher ¢ = 10) penalties over large varia-
tions in volatility forecasts. In this setting, MHAR-RV ewomic gains are
positively related to target levels and no marked changegesent, ex-
cept those concerning the comparative performance bet&@&dA and
MVGARCH.

As a final comment on the regression outcomes, it is pertittemake
it explicitly clear which factors may explain the appeamoénegative eco-
nomic gains, especially, but not exclusively, when targéinns are closer
to the risk-free rate. Although we provide evidence of impd@stimation
risk in the computation of the true economic gains of redlizelatility,
other factors may account for it. First of all, it is true thdéminget al.
(2003) only found positive economic gains, but note thay tempared re-
alized measures with a rolling estimators based on dailymstand a static
portfolio, as opposed to our benchmark models that provatelitional
measures of the covariance matrix based on traditional lmedéensively
used in practice.

It is also noteworthy to compare the characteristics of st under
study. There is a great deal of complexity associated witketiog the
covariance matrix for twenty individual stocks. As a matiefact, Chiriac
& Voev (2011) selected six highly liquid stocks while the waf Flem-
ing et al. (2003) did not include individual stocks. This conjecturaynioe
examined empirically by future works that consider altéugaand more
sophisticated models for the conditional covariance matrorder to min-
imize specification errors.

7. Conclusion

We have characterized the economic gains associated veithst of
multivariate realized measures of volatility applied tocanprehensive set
of twenty Brazilian stocks between February 2006 and Jg2@t1. The
forecasting procedure has been based on Corsi's HAR-RV hagqidied
to a multivariate setting, as proposed by Bauer & Vorkinkl(P0 Portfolio
weights have been computed in the context of a volatilityirtgrstrategy
and the resulting daily portfolio returns are the basis fiar ¢évaluation of
the economic gains of a quadratic utility.

We find that economic gains associated with realized mesguwease
are substantial for higher levels of the target return whetimation risk is
controlled with ex-post information. Using the unconditd mean as a
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reference for expected returns, an investor would be wiltm pay 30.9
and 109.3 basis points to switch from a portfolio based on EAVAmd
MVGARCH, respectively, to a portfolio based on (MHARV-R\Qrecasts,
when subjected to a target level of 17.5% per year. and ndatist to
short selling. While economic gains are robust to changekdrparame-
ters of the utility of the optimization problem, restrigt®to short selling
eliminates the association between target returns anetorgains.

For lower levels of the target return, as we observe higheght® on
the risk-free asset, economic gains are decreasing andrnwetcattest for
its superiority over the competing forecasting methods,MA\and MV-
GARCH. It is also important to highlight that estimationkriglays a key
role on the estimation procedure. When we depart from thee$tionation
risk” case, economic gains associated with bootstrapppdated returns
display positive values, but high standard deviations.

Our results contribute to the literature as we provide ewigeof the
benefits of realized measures even when are dealing witheamuenber of
assets, all of them with high estimation risk and volatighyjfts. Although
Fleminget al. (2001, 2003) already offered clear indication on such bene-
fits; their work considered a lower number of assets and ibisstraight-
forward to imply that results hold whatever assets’ dimemsiWe should
point out, however, that utility gains are only significarthem we control
for estimation risk with ex-post information, suggestihgttpoor forecasts
of expected returns offset utility gains associated witdiized volatility.

Taylor (2013) investigated the economic value related tatility fore-
casts of portfolios based US bond and stock futures. Theoautbtes that
the gains associated with the knowledge of volatility dyi@nare timely
and state-dependent. Hence, future research should eornbigl use of
sub-samples in order to explore dynamic features of thdtsessince our
choice for the economic utility is arbitrary, another pb#gy is to assess
economic performance by the use of alternative functiomgor Finally,
alternative models for expected returns and for the canditi covariance
matrix should provide results more independent from egionaisk and
specification error considerations.
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