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Abstract In the last 15 years, several Multivariate GARCH (M&BCH) models have
appeared in the literature. The two most widelywnand used are the Scalar BEKK
model and the DCC model. Some recent research ham llegexamine MGARCH
specifications in terms of their out-of-sample fmsting performance. In this paper, we
provide an empirical comparison of a set of MGARCHdels, namely BEKK, DCC,
Corrected DCC (cDCC), CCC of Bollerslev, Exponentially WeghVioving Average,
and covariance shrinking, using the historical dats89 US equities. Our methods
contribute to the literature in several directioR@ist, we consider a wide range of
models, including the recent cDCC model and covaeaiinking. Second, we use a
range of tests and approaches for direct and ictdimedel comparison. Third, we
examine how the model rankings are influenced byctioss-sectional dimension of the
problem.

Keywords:covariance forecasting, model confidence set, maaeing, model
comparison, MGARCH, time series analysis

1 Introduction

Multivariate Volatility Models (MVM) have attracted considerable interest over
the last decade. This may be associated with ttreased availability of financial data,
the increased computational powers of computersd, the fact that the financial
industry has begun to realize the possible advastafthese models.

The recent literature on the topic has moved frioenintroduction of new models to
the efficient estimation of existing models. Amahg most highly cited topics are the
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“curse of dimensionality” and “feasible model esiion”. In fact, the feasibility of
model estimation is now of central interest, witrm studies proposing appropriate
parameterizations of known models (Billio et al, @0®ranses and Hafner, 2009,
Caporin and Paruolo, 2009, Bonato et al., 2009, Asal., 2009), or focusing on
special estimation methods (Engle and Kelly, 2@8le et al., 2008, Fan et al., 2007).

Despite the theoretical properties typically beiagsumed under unstated and
untestable regularity conditions, many proposed et®dhave been used widely in
empirical financial studies. Within this framewogkdifferent problem arises: How can
we compare and rank models characterized by ardiffestructure? Some research has
recently appeared in the literature to tackle tmeblgem of evaluating alternative
covariance models (see Engle and Sheppard (2008)edls et al. (2009), and Patton
and Sheppard (2009)). These papers present limdsgparisons across a small range
of models.

The methods of comparison used in the previousriboibns could be viewed as
two large classes (see Patton and Sheppard (20@2))ely the direct and indirect
evaluation of volatility forecasts. The first groupcludes the Mincer-Zarnowitz
regression (Mincer and Zarnowitz, 1969), Dieboldridiao test (Diebold and Mariano,
1996, and West, 1996, 2006), Reality Check of Wh2@00), Superior Predictive
Ability (SPA) test of Hansen (2005), and the Mo@einfidence Set (MCS) approach of
Hansen et al. (2005). The second group includesoappes based on the comparison
of loss functions adapted to the needs of covagidncecasts. This is the case, for
instance, of asset allocation and risk management.

The tests directly comparing the covariance forschisthe general framework of
loss-function comparison, as discussed in Clemental.e(2009) and Patton and
Sheppard (2009). The Diebold-Mariano and West apres are valid for pairwise
comparisons of the models, while Reality check aRd Squire the identification of a
benchmark model, whereas MCS does not require ehbeark specification. Overall,
the MCS approach seems to be the preferred onéhanddst appropriate as it provides
a statistical test and a method for determiningctvimodels are statistically equivalent
with respect to a given loss function.

In this paper we contribute to the literature owar@ance forecast evaluation in
several ways. First, our selection of models tocbepared differs from those of
previous studies. Similarly to the literature wensider the CCC model of Bollerslev
(1990), DCC model of Engle (2002), Scalar BEKK modéhwargeting of Ding and
Engle (2002), and the naive Exponentially Weightéaling Average approach. We
complement this set by including the cDCC model @flIA(2008), and the covariance
shrinking approach of Ledoit and Wolf (2003, 2004).

Second, we use the weighted likelihood ratio tdstAmisano and Giacomini
(2007), which is close to a loss-function based manson of equal predictive ability
based on a likelihood loss function. The test bélapplied both in the direct evaluation
of covariance forecasts and as an alternativee®ibbold-Mariano test.

Third, we will evaluate and rank the alternative dels over different cross-
sectional dimensions, starting from two assets, @mdo 89 assets, which we select
from the S&P100 constituents (a similar datasettde®n used in Engle et al., 2008). By
comparing models over an increasing number of bt we will examine if
estimation error and model error play a role in fibvecasts of conditional covariance
models.
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2 Feasible covariance and correlation modelsfor large
problem dimensions

The conditional density of &dimensional vector of financial variables (retyris
deviation from their mean follows:

X~ =£|1""~D(0X%,) (€]
wherel'! is the information set at timel, D(.) denotes a multivariate density with
time-varying covariance matrix. We do not consides effects of different mean

specifications and assume the mean is fixed atstmaple mean for a range of
alternative covariance models. As a result, alledast discrepancies are due to
differences in the expected covariances, whileirmbample differences are due to
differences in the estimated covariance models.

The first model we estimate is the Scalar BEKK wdlgeting constraint (see Engle
and Kroner, 1995; Ding and Engle, 2001; Caporinuodleer, 2008, 2009, 2010):

s, :§+a(£t_lst_l' -z) +B(%,,-5)- e)

where the intercept is equal to the unconditiomafaciance matrixf:E[gtgt '].

Scalar BEKK in (2) is feasible even for very larg@ss-sectional dimensions as it
contains only two parameters that must be estimagethaximum likelihood, namely
the parameters driving the model dynamics.

We then consider three models based on a decongposit the covariance matrices
into variances and correlations. The first is the Gxglel of Bollerslev (1990) which,
starting from (1), assumes that the covarianceimisfieszt =D,RD whereD; is a

diagonal matrix of conditional standard deviatiorsd R is an unconditional
correlation matrix. We assume that all the condalovariances follow a simple
GARCH(1,1) process without asymmetry in order to enake model directly
comparable with Scalar BEKK.

In the CCC model, the correlation matfxis determined using a traditional sample
estimator. The model is estimated using a two-sfggroach, namely the conditional
variances on each specific series, and then estithatunconditional correlation matrix
using the standardized residuals. This approactesntiie model feasible, even with a
large number of assets.

The DCC model of Engle (2002) was proposed as argkration of the CCC model,
and assumes a time-varying conditional correlatiosi, = D,R D, following

P -_— —_— ]/2
R=Q'QQ, Q=(Qo) ®)
Q= S+a( D_—llgt—lgt—; D_—ll_ g"’ﬁ( Q.- $ “)
whereD; is the same as for the CCC modgis the unconditional correlation matrix,

and o andR are the scalar parameters driving the model dycankollowing Engle
(2002), the model is estimated with a multi-steprapch that clearly reduces the
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efficiency but makes the model feasible with lamyess-sectional dimensions. Note
that the model in (3)-(4) includes targeting, aindel by Caporin and McAleer (2010).
Aielli (2008) shows that the estimator ®fised in the multi-step estimation of the DCC
is inconsistent. In order to resolve this seri@assie, Aielli (2008) introduces the cDCC
model, which replaces (4) with

Q= S+U(Q—1 Db DQu- $+,8( Q.- $ ®)

where the parameter matr&is symmetric, has unit elements over the mainatiag
and is now the covariance matrix of the innovatio@;sD{lgl, which are not

observable. The modification restores consistendyalgain exposes the model to the
curse of dimensionality as the matfxin (5) has to be estimated. Aielli (2008) also
suggests a feasible estimation method for largeleno dimensions.

The last two models considered are the ExponentMleighted Moving Average
model and the Covariance Shrinking approach of lteattd Wold (2003, 2004). The
EWMA model provides a recursion for the evaluatafnthe conditional covariance
matrix, which is based on a single paramgtehich we fix at 0.94:

2, :(1_/1)51—151—1' +Azt—l (6)

By construction, the EWMA is feasible even for véagge cross-sectional dimensions.
Finally, we consider the covariance shrinking applo of Ledoit and Wolf (2003,

2004). The authors proposed a method that is dedigmfind a compromise between
the large estimation errors in the sample covagaamud the misspecification error in
the estimators of the covariance. Following theac@mnce shrinking approach, we
define the expected covariance for titraes follows:

%, =(1-A)SL.+ARK, Q)

where S, is the sample covariance matrix determined ugnie t-1, and F_, is a

structured estimator determined using the inforomatset to timet-1, and is called
shrinkage target. The coefficieit the shrinkage constant, has to be estimated, and
depends on the form of the shrinkage target (fath&r details, see Ledoit and Wolf
(2003, 2004)). In the following, we will consides the shrinkage target the covariance
with constant correlation, as described in Ledod ®olf (2004).

3 Comparing competing covariance and correlation models

It is assumed that the models are to be compaied ost-of-sample forecasts, where
forecasts are made one period ahead and for anatiosd period fromr+1 to T+h.

Models are estimated with a rolling approach andyrder to avoid any dependence on
the mean dynamics, we fit the mean using its samslienator across all models (the
sample mean is estimated with the same rolling Ggmbr). The one-step-ahead



Contribution Title PAGE 13

covariance forecasts for timet+i are denoted b)ﬁTm+i, wherem is the model index

(m=1,2,...N).

We follow Patton and Sheppard (2009) and considparstely the direct and indirect
evaluation methods. Within the first group, we udd two approaches based on
common loss functions, namely the Diebold-Mariaest,tand the MCS approach of
Hansen et al. (2005), and the test proposed by &miand Giacomini (2007).

For the Diebold-Mariano test, we consider the M&&sIfunction:

L :k_lzlkz' (Vec(i$+i - & ¢+i' ), VeéirTnn - & Tei')J ®)

wheree . = x . —jr . (note that the observed tine-i return is used), and the time

T+i true volatility is approximated bg eM’.
The test of equal predictive ability correspondshecking the null hypothesis of zero
loss function dif'ferentials,H0 : E[Wj _E }:E[E“}:o, wherei andj are two

different model indices,ﬁj :%Zh:lfmm , and LF; :Fj ~If, . The test statistic is
=1

given as t :\/ﬁﬁﬂg-l(ﬁﬁj, )N N(0,1) where U(Jﬁﬁj,) is the
heteroskedasticity and autocorrelation (HAC) cossistestimate of the asymptotic
variance ofyhLF; -

The Amisano-Giacomini (2007) is based on the Idbaric scores of two competing
models over the forecast evaluation period. W¢ dienote the modeh log-scores as:

= |09|i$+i +eT+i, (i$+i)_l G ©)

|Og fm,T+i
Amisano and Giacomini (2007) then consider the tiyan
Lyrs :W(erﬂ)['Og f.—log fn} wherej andl| represent two different models,

and W(em) is a weighting function. The null hypothesis ofiatjpredictive ability of

. _ h .
the two models is HO:E[LjI.T.h:|:0' where Ejl,T,h :%z Ly while the
i=1

alternative hypothesis refers to different pregie@bility. The test statistic is given as:

ty = Ejlrh\/ﬁa_l(l-m h)~ N(O,l) where g(L“M) is the heteroskedasticity and
autocorrelation consistent estimate of the asyr'rqotLarianceVar[\/EEIT h] If the

null hypothesis is rejected, the test statistimgiguld be used to determine the model
preference (positive values suggests a preferarcaddelj). Within the direct model
evaluation framework, we consider equal weights dtir points over the forecast
horizon. Positive values of the test statisticassociated with a preference for the first
model. In considering the Diebold-Mariano test, ifhes values of the test statistic
show evidence for a preference for the second mtiut is, with smaller losses).
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The Diebold-Mariano and Amisano-Giacomini testsnperpairwise comparisons of
models. However, the test outcomes do not enswakeah optimal model is clearly
identified. For this reason, we consider the Mo@ehfidence Set approach, which
performs a joint forecast comparison across alletodrhe MCS performs an iterative
selection procedure, testing at stepe null hypothesis of equal predicting abilityadif
models included in a sef, (the starting sef)y, contains all models) under a given loss

function. The null hypothesis has the form
H,: E[Wj, -1, }: E[E“}:o' j>1 0| Om, - Note that the same procedure,

as well as all the subsequent statistics and testdd also be used with the Amisano-
Giacomini log-scores, with the caution of chandihegir sign (thereby translating them
from gains to losses). Hansen et al. (2005) propose statistics to test the null

. _ _ _ IRNY
hypothesis: ty = Max; LFj S_l( LFj )‘ and tson= Z (LF i S_l( LF; ))

J,10m,
I E]
where S(En ) is a bootstrap estimate of the varianceljf,-| , and the p-values of the

test statistics are determined using a bootstrggoaph. If the null hypothesis is
rejected at a given confidence level, the worsfqoering model is excluded from the

-1/2

set. Such a model is identified 3= arg max,, [ZEJ' ][Va{zﬁjl JJ

10, 10,
where the variance is computed again using a baptanethod. In the empirical
analysis given below, we will use both the DiebMdriano loss function, as well as of
the Amisano-Giacomini log-scores (minus the logrssdo transform them into losses)
(see Hansen et al. (2005) for further details on MCS
For the indirect evaluation of the multivariate retej we consider an asset allocation
framework and compare the impact of model choicedntrasting the performances of
specific portfolios: (i) equally weighted portfolidenoted as EW, which is not exposed
to the asset return mean estimation error, andpsrgr to many other portfolios (see
De Miguel et al. (2009)); and (ii) global minimunanance portfolio with and without
short selling constraints, denoted as GMV and GMkBpectively.
Given the portfolio mean and variance forecasts f@ist are model dependent), and the
realized portfolio returns, we compare models usirggAmisano-Giacomini test for the
EW strategy (GMV and GMVB have been excluded to éwdistortions in the test
statistic due to the estimation error of portfoli@ights). Furthermore, we compare
models using both the MSE loss function as wethasQLIKE loss function defined in
Patton and Sheppard (2009) within a Diebold-Mariframnework as well as for the
Model Confidence Set.

4 Data description and selected models

In order to compare the models presented in theiqare sections, we have selected a
dataset similar to that of Engle et al. (2009). Wévnloaded from Datastream the
S&P100 constituents at the end of March 2009. Teselected only those assets with
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total return indices available from the beginnifid 897 to the end of March 2009. The
selected period contains 3194 daily returns.

On these data we fit the models defined in Se@ionsing both Multivariate Normal
and Multivariate Student densities for BEKK, DCC afaC€. The 9 specifications
considered are evaluated for different problem disiens, such that each model is
estimated for 2, 3, 4, 5, 10, 15, 20, 25, 30, 3,45, 50, 60, 70, 80 and 89 assets. In
these empirical applications, assets are ordengliabktically, and we progressively
enlarge the number of variables used in the magtghation and evaluation steps.

We estimate the models with a rolling approach, taeth compare the out-of-sample
forecasts for one year of daily observations. Adidels for all problem dimensions are
estimated daily and are used to produce one-stepdaforecasts. We consider two
different out-of-sample evaluation periods. In firet, we focus on extreme market
conditions and compare models for the period A2008 — March 2009. This could be
considered as a model stress-test to determinerié imghly parameterized models are
preferred to simpler or naive specifications asythee not exposed to parameter
uncertainty and instability. For this forecast range also perform a robustness check
by inverting the asset order to verify the absenfceistortions due to asset order. The
second forecast evaluation period is for 2006, wihenmarket was in a low volatility
state and was trending upward. This second congraeBows verification of whether
the model ranking might be affected by overall neadonditions.

All the empirical results are reported in a settalfles and graphs in the following
sections. Tables are summarized and reported irpdper, while the entire set of
empirical results is available from the authorsrupequest.

5 Resultsfor direct model comparison

A summary of the results is reported in Table le Thebold-Mariano and Amisano-
Giacomini tests point out the negative performaméethe covariance shrinking
approach over both evaluation periods. For botts tsd all problem dimensions, SHR
always provides higher losses (lower log-scoreg)pared with the other models, apart
from EWMA. In this last case, the tests are disaotdThese findings are onfirmed by
MCS. With respect to EWMA, we note a striking diface by comparing the results of
the Diebold-Mariano test with those of the AmisaBiacomini procedure. With the
latter, EWMA provides larger losses than all theeotmodels when the number of
assets exceeds 10, and this result holds for batluaion periods. If we consider the
MSE loss function, EWMA is always equivalent to tide other models, apart from
SHR, which is outperformed for more than 5 assetsphly during the crisis period.
Considering the non-naive models, the Diebold-Mariand Amisano-Giacomini test
results are substantially similar, which leadshi® following observations:

i) All models are equivalent if we consider up  dssets when the models are
compared over extreme market conditions, whileaift if we compare models over
the year 2006; if we consider the 2006 evaluatieniod, many more models are
statistically equivalent, even for medium probleimehsions;

i) Moving from the Normal to the Student densityed not improve the forecast
accuracy of the BEKK, DCC and cDCC specifications;
iii) Scalar BEKK is always inferior to the CCC, DCC, arldCC specifications,

irrespective of the density; DCC and cDCC outperform C@@n for smaller
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dimensions (from the 4 assets case); cDCC outpesf@@®C under both Normal and
Student densities over the extreme market conditase, while the reverse holds for
the 2006 forecast evaluation period.

These results are confirmed by the MCS approachpfiytfor the Amisano-Giacomini
loss function. For the MSE loss function under ¢hisis forecast evaluation range, and
at the 1% level, all models are substantially egleint for all problem sizes.

If we compare models during the year 2006, resfdtsthe MSE and Amisano-
Giacomini loss functions are much closer.

The main message we extrapolate from our resultidsequivalence across many
models when the market is in a low volatility staé@d the preference for dynamic
conditional correlation models. Moreover, when tharket is experiencing large and
sudden changes in volatility, dynamic conditionairelation models may be preferred,
but the results are not consistent across all momlaparison methods.

6 Resultsfor indirect model comparison

If we consider the Diebold-Mariano tests, the ressare somewhat similar to those
obtained from the direct model comparisons. Fistjng both the crisis and the 2006
out-of-sample periods, the SHR model underperforinstizer specifications, even for
small cross-sectional dimensions. The crisis makesestimation of portfolio weights
extremely noisy, particularly affecting the resudtssed on the MSE loss function. With
the exclusion of SHR and EWMA for the QLIKE loss ¢tions, all models are
equivalent when compared for April 2008-March 200ghile some statistically
significant differences appear when the comparisdrased on 2006.

These results raise some doubts about the useduloieslynamic covariance and
correlation models of a relatively complex naturkew they are used to determine
portfolio weights. The joint effect of the estin@tierror on the model coefficients and
of the estimation error of portfolio weights woutttem to make complex models
virtually equivalent to simple models, such thatreasing the complexity of a model
does not improve the efficiency of an allocatioratggy. On the contrary, when one of
the two sources of error is sterilized, by meanaroEW strategy, some discrepancies
seem to appear: CCC and BEKK underperform DCC and cDCCCcButperforms
DCC for large problem dimensions during the crisibjlevthe opposite holds during
2006 for the MSE loss function; the Multivariateu@nt-based models underperform
Multivariate Normal-based models.

Following the direct comparison, we determine thedei confidence sets over several
problem dimensions. For the crisis period (Apri08%o March 2009) and the EW
strategy, the model confidence set includes allat®odt the 1% level for the MSE and
QLIKE loss functions. Minor differences appear la¢ 5% level: for MSE, with only
SHR marginally excluded; for QLIKE, the set of eculent models includes only
EWMA, cDCC(N), and DCC(N). Considering the MCS results foth test statistics
and for the GMV and GMVB strategies, all models atgpiivalent, apart from the
exclusion of EWMA at the 5% level under the GMVoaktion rule. This result
confirms our earlier results that models are edeitawhen portfolio weights are
estimated.

We then analyze the results for the 2006 out-ofpanperiod. Overall, the results
confirm the previous findings that many models egeivalent for estimated portfolio
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weights. However, we presume that the greater Hilityi in separately estimating
variances and correlations provides some benefigs paive and general covariance
specifications, in particular, when the problem eéision is large. Furthermore, for
small and medium problem dimensions, the estimagioor has a relevant role, making
more complex covariance and correlation models straquivalent, if not worse, than
EWMA. When the number of variables is increased, ftxibility of DCC and cDCC
models becomes even more relevant than the estimeaitior.

In summary, the indirect comparisons suggest tlatahperformances are affected by
several sources of error. The estimation error ofleh parameters is always present.
Estimation error of portfolio weights may play desant role during extreme market
conditions, and be so relevant as to make many imatatistically equivalent in terms
of forecasts.

6 Conclusions

From the empirical point of view, Multivariate GARCHodels suffer seriously from
the so-called curse of dimensionality. For thissoea several simple specifications are
typically used, including the CCC, DCC and Scalar BEK&dels. Alternatively, naive
methods could be used, such as EWMA or the Covaiadlarinking approach.
However, few studies have considered a detaileebbsample comparison of these
models. This paper has shed light on this topit the outcome is far from conclusive.
By using alternative evaluation methods, includihg direct and indirect approaches,
pairwise and multivariate methodologies, and d#ifer out-of-sample evaluation
periods, the results are mixed. The only commodifiig is that covariance shrinking
methods underperform the dynamic models, evenrf@milscross-sectional dimensions,
at least for the dataset and periods considerdgtieimaper. Less common outcomes
suggest, for small problem dimensions, there isghdn probability that alternative
approaches will provide substantially equivalentaz@nce forecasts.

This finding is less evident for large problem dis®ns, where simple dynamic
specifications, despite being highly restrictivegynbe superior to naive specifications
based on calibrated coefficients. In this case, etsodeparately capturing the variance
and correlation dynamics are marginally preferred pure covariance models.
Furthermore, the impact of several sources of ggoch as estimation error of the
model parameters, estimation error of portfolio gies for indirect comparison, and
errors associated with the choice of proxy, conte piay and can affect the outcomes,
thereby suggesting the need for further analysis.
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Table 1: Summary of results for direct model corigmars

Forecast sample

January to December 2006

AprB 2®01arch 2009

DM test (MSE loss)

AG

MCS with MSE loss

MCS with AG loss

Most models are equivalent up3a@sset dimension;
SHR underperforms all models (EWMA excluded);
EWMA outperforms in some cases;

Student density does not improve over Normal;
CCC outperforms BEKK;

DCC outperforms BEKK and CCC;

cDCC outperforms BEKK, CCC and DCC;

Most models are equivalent up to 15 asset déioern
SHR underperforms all models (EWMA excluded);
EWMA underperforms with more than 10 assets;
Student density does not improve over Normal;
CCC outperforms BEKK;

DCC outperforms BEKK and CCC,;

c¢DCC outperforms BEKK, CCC and DCC;

SHR is not included (at the 1% level);
EWMA is always included;

DCC is the best model for larger problem dimensions
Many models equivalent for medium problem dimerssion

SHR is included only for small problem dimensions;
EWMA is included only for small problem dimensions;

Most models are equivalent up to 10 asset dimenpsion
SHR underperforms all models (EWMA excluded);
EWMA is equivalent to most models;

Student density does not improve over Normal;

CCC outperforms BEKK;

DCC outperforms BEKK and CCC;

¢DCC outperforms BEKK, CCC and DCC;

Most models are equivalent up to 10 asset dimenpsion
SHR underperforms all models (EWMA excluded);
EWMA underperforms with more than 10 assets;
Student density does not improve over Normal;

CCC outperforms BEKK;

DCC outperforms BEKK and CCC,;

¢DCC outperforms BEKK, CCC and DCC;

SHR and BEKK(T) are included only for small probldimensions (at
the 5% level);
All models are equivalent at the 1% level,

All models are equivalent up to 5 assets;
DCC(N) and cDCC(N) are the best models for largeobtem

DCC and cDCC are the best models for larger probledimensions.;

dimensions;

Many models are equivalent for medium problem dsioers.

Notes: The first column reports the quantities uedhe direct model comparisons. In the table, A@misano-Giacomini, DM = Diebold-

Mariano, MSC = Model Confidence Set, and MSE = M8gnared Error. The second and third columns repsummary of results for the two
out-of-sample periods. When the density is not riggbfor DCC, cDCC and BEKK, the comments refebtth densities. Comments in italics
identify different behavior across samples or fosgtions.
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Name of First Author and Name of Second Author
Table 2: Summary of results of indirect model corigmms based on Diebold-Mariano and Model ConfigeBet

Forecast sample

January to December 2006

April 2008arch 2009

DM test (MSE loss)

DM test (QLIKE loss)

MCS (MSE loss)

MCS (QLIKE loss)

SHR underperforms all models;
BEKK underperforms under GMV and GMVB;
DCC and cDCC outperform BEKK and CCC under EW;
DCC outperforms cDCC under EW;
Student density does not improve over Normal uidigr

SHR underperforms all models;
EWMA underperforms under GMV;
BEKK models underperform under GMVB;
DCC and cDCC outperform BEKK and CCC under EW;
DCC outperforms cDCC under EW;
Student density does not improve over Normal uidigr

SHR is always excluded;

SHR underperforms all models under EW

Under GMV and GMVB all models are equivalent;

DCC and cDCC outperform BEKK and CCC under EW;
cDCC outperforms DCC under EW;

Student density does not improve over Normal uiir

SHR underperforms all models;

EWMA underperforms under GMV;

Most models are equivalent under GMV and GMVB;
DCC and cDCC outperform BEKK and CCC under EW;
cDCC outperforms DCC under EW;

Student density does not improve over Normal uiir

All models are equivalent at the 1% level;

EWMA and BEKK(T) are excluded for large problemt the 5% level under EW, SHR is excluded for lapgeblem

dimensions under GMV and GMVB;
BEKK and CCC are excluded under EW;

dimensions;

EWMA, DCC and c¢DCC are included for large problem

dimensions;

SHR is always excluded;

All models are equivalent at the 1% level;

EWMA and BEKK(T) are excluded for large problemit the 5% level under EW, the set includes only BAAWMCC(N) and

dimensions under GMV and GMVB;
BEKK and CCC are excluded under EW;

cDCC(N).

EWMA, DCC and c¢DCC are included for large problem

dimensions.

Notes: The first column reports the quantities uiedthe indirect model comparisons. In the tali®] = Diebold-Mariano, MSC = Model

Confidence Set, MSE and QLIKE denote the two losgfions, while EW, GMV and GMVB identify the pastio strategies considered. The
second and third columns report a summary of redaitthe two out-of-sample periods. When the dgrisinot reported for DCC, cDCC and
BEKK, the comments refer to both densities. If fudid strategies are not reported, the commentdyayopall strategies. Comments in italics
identify different behavior across samples or fosgtions.



