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Abstract

In this paper we estimate a dynamic portfolio composed bylil&, German,

British, Brazilian, Hong Kong and Australian markets, ttegipd considered star-
ted on September 2001 and finished in September 2011. Wee&ottula-DCC-

GARCH model on the daily returns conditional covariancerimatThe results

allow us to conclude that there were changes in portfoliomasition, occasioned
by modifications in volatility and dependence between markehe dynamic ap-
proach significantly reduced the portfolio risk if compatedhe traditional static
approach, especially in turbulent periods. Furthermore verified that the es-
timated copula model outperformed the conventional DCCehéat the sample

studied.

Keywords. dynamic portfolio; risk management; copulas; multivari@ARCH.
JEL codes: G11; F37; C32; C61.
Resumo

No presente artigo & estimado um portfolio dinamico costp pelos mercados
norte americano, alemao, britanico, brasileiro, hogo@s e australiano, con-
siderando o periodo de setembro de 2001 a setembro de 2&xaltaRto, & obtida
por meio de um modelo Copula-DCC-GARCH a matriz de covaigocondi-
cional dos retornos diarios. Os resultados permitem cangplie houve mudancas
na composicao do portfolio, ocasionadas por modifieagia volatilidade e de-
pendéncia entre os mercados. A abordagem dinamica tesdligziificativamente
o risco do portf6lio se comparada com a abordagem estatideional, especial-
mente em periodos de turbuléncia. Mais além, verifieogege 0 modelo estimado
com copulas supera o modelo DCC convencional na amostrdaekt.
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1. Introduction

Since the introduction of the mathematical theory of pdidfeelection
and the Capital Asset Pricing Model (CAPM), the dependessae has
played an important role in financial economics. Within thisitext, the
behavior of correlations and covariances between retwraiessential
part in asset pricing, portfolio selection and risk managem

In the context of international diversification, there isec@essity for
minimizing risk of specific assets through optimal resosre#iocation.
Events of global importance tend to have a significant impacttock mar-
kets. Financial markets crisis can lead to dramatic chaimggsestment
behavior and so it is important to study the stock market@adha interde-
pendence before and after any significant economic shock.

It is necessary to understand the multivariate relatignbletween dif-
ferent markets. Thus, we need a statistical model able taunedhe tem-
poral dependence between shocks in different countrieg tfiditional
approach to measurerisk of financial assets is based indtwribal covari-
ance matrix. The use of this unconditional static measuseabalrawback
the fact that it is constant. However, an inappropriate rhéatedepen-
dence can lead to suboptimal portfolios and inaccuratesagsnts of risk
exposures. Hence, it is necessary knowing the dynamic merhaf/the
covariance among financial assets.

To deal with this question, it was developed the ARCH (aum@ssive
conditional heteroscedasticity) introduced by Engle @)%nd its gen-
eralization GARCH (generalized autoregressive condititveteroscedas-
ticity) proposed by Bollerslev (1986), which are widely &pg to model
financial series volatility. Since the proposal of these et®dsto account
for variance heterogeneity in financial time series, soméivatiate ex-
tensions of GARCH models have been introduced. The mostotions
dated models in literature are the Constant Conditionatelation (CCC-
GARCH) model of Bollerslev (1990), the BEKK model of Engle &dher
(1995) and later the Dynamic Conditional Correlation (DGBRCH), de-
veloped by Engle & Sheppard (2001) and Tse & Tsui (2002).

Based in the covariance matrix estimation, it is possiblextend the
traditional portfolio optimization to a dynamic one. To thidis necessary
to minimize the portfolio variance based in weights for etigte point. So
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an investor can control the evolution of a particular assetigpation in
risk diversification, as well as make predictions about titare composi-
tion, in order to reduce portfolio volatility.

The dynamic portfolio literature is dominated by multizae GARCH
models. Campbelét al. (2001) maximizes the portfolio return subject
to the VaR restriction. Polasek & Momtchill (2003) found stiprity of
BEKK model over an asymmetric univariate GARCH. De Goeij & Ma
guering (2004) estimate stocks and bonds covariancesghmtiagonal and
asymmetric VECH models. Specht & Winker (2008) use a prialogom-
ponent GARCH to estimate the conditional covariance matBauwens
et al. (2010) indicate that multivariate GARCH models improve tipdi-
mal resources allocation for intraday data.

However, all of the models mentioned in the previous sedci@nesti-
mated under the assumption of multivariate normality oeddasome mix-
ture of elliptical distributions. However, this assumptiis unrealistic, as
evidenced by numerous empirical studies, in which it has lsbewn that
many financial asset returns are skewed, leptokurtic, aypchmagtrically
dependent.These difficulties can be treated as a probleropoflas. The
concept of copula was introduced by Sklar (1959). A copukfisnction
that links univariate marginals to their multivariate distition. Since it is
always possible to map any vector of random variables intectov with
uniform margins, we are able to split the margins of thatameahd a digest
of dependence, which is the copula. Revisions of copula odstlcan be
found Melo & Mendes (2009), Morettiat al. (2010) and Pereira & Santos
(2011). Thus, the joint distribution of the asset returnstoaspecified with
full flexibility, which is more realistic.

Thus, emerges the Copula-DCC-GARCH model, which was peapos
with a financial application by Jondeau & Rockinger (2006)m® poste-
rior studies employed the Copula-DCC-GARCH model becatises ad-
vantages. Fantazzini (2009) performed Value at Risk sitiomls. Aas &
Berg (2009), Ausin & Lopes (2010) and Hafner & Reznikova @0ih-
vestigated dependence structures between financial aRsgis & Ceretta
(2011a) identified structural changes in European marlaggihty. Righi
& Ceretta (2011b) estimated value at risk and optimal hedte in Latin
markets. Righi & Ceretta (2012) performed daily risk prédits for a
global portfolio.

In this sense, the aim of this paper is toanalyze evolutiagiabal risk
diversification. We used data of U.S., German, British, Bieaz, Hong
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Kong and Australian markets.The main contribution of thespnt paper is-
the use a Copula-DCC-GARCH in order to estimate the conwditioovari-

ance matrix. This is an advance in dynamic portfolio cortsiom because
this model is more flexible than other multivariate GARCH ega@zhes.
It is also an advance in Copula-DCC-GARCH financial appiicet, once
was not performed studies with this type of analysis. Nogles, we com-
pute the dynamic evolution of each market weight, idemijythe turbu-
lent period effects on optimal resources allocation. Theeelack of such
economic analysis of weights changing in crisis literatespecially con-
sidering differences regarding to portfolio strategies.

2. Methodological Procedures

In order to analyze the evolution of the global risk divecsifion we
used daily prices of U.SStandard and Poor’s 508 S&P500), German
(Deutscher Aktien Index DAX), British (Financial Times Securities Ex-
change Index 100 — FTSE100), Brazilidndice da Bolsa de Valores de
S0 Paulo- Ibovespa), Hong KongHang Seng Index HSI) and Aus-
tralian (Australian Securities ExchangeASX) markets, from September
2001 to September 2011, totalizing 2280 observations. &'lhesrses were
chosen because they have great liquidity and are frequesdg to inter-
national risk diversification, especially during the lastdde with grow-
ing globalization. Furthermore, we attempted to not useynmarkets of
the same continent, due to the geographic dependence rinteraeigh-
bor countries. This dependence could cause biases on ttgargeipation
because neighbor countries tend to have more association.

To eliminate problems of non-stationarity, we calculatbd indices
log-returns. We used a vector autoregressive model (VAR)btain the
average estimate of series conditional mean. The matheath&drm of the
VAR(p) model used is represented by (1).

T =@y + P11+ .. Py, + oy 1)

In (1), r; is a k-dimensional vector of the log-returns at period,
is ak-dimensional vector of constant®,, : = 1, ..., p arekxk matrixes
of parameters{a} is a sequence of serially uncorrelated random vectors
with mean zero and covariance matrix The VAR model was estimated by
ML. Subsequently, using the residudls; } which were obtained through
VAR, we estimated the conditional covariance matrix witb@da-DCC-
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GARCH model, represented by the formulation (2), which ikdb lead
with the asymmetric leptokurtic behavior of financial asseturns.

H, = D;R,D; )

whereD; = dz‘a,g(hi/t2 . h}\ﬁ);

. -1/2 —1/2 . -1/2  —-1/2
R: = dlag(qn,t/ ---qNJ\;,t)Qtdmg(qlLt/ "'qNJ\é,t);

Q= (l—a—ﬁ)Q—i—aut_lu;fl +BQi—1,uip = ei,t/m ~ skew —t,,
Q is the Nz N matrix composed by unconditional covarianceugfa and
[ are non-negative scalar parameters satisfying 5 < 1. The definition
of residualsu; joint distribution extends the traditional DCC (based on
multivariate normality or mixture of elliptical distribians) through cop-
ulas, which allow more flexibility indescribing the data encopulas are
estimated with separately from marginal. We test the fitxfsmensional
copulas Normal, Student’s t, Clayton, Gumbel and Frank.r@jiei et al.
(2012) present definition of these copulas. We used the AlQrdier to
select the family which best fitted the data. The model patarssvere es-
timated through Quasi Maximum Likelihood (QML) in two stejpmndeau
et al. (2007). In the first stage, the conditional variance is estit by
means of an univariate GARCH model, respectively, for easeta In the
second step,the parameters for the conditional corraelagigen the param-
eters of the first stage, are estimated. To validate the madelise the)
statistic in linear and squared residuals in order to tesntl hypothesis
that the data is random against the alternative of non-ranéss.

With estimated covariances, we constructed a dynamicgdiartbrmed
bymarket indices in order to analyze the diversificationcttire existing in
global investment risk. We made an extension of classiécséaproach
introduced in the seminal paper of Markowitz (1952). Sucteesion is-
represented by formulation (4). This expression is optiiat each period
t, based on weights vector subject to restrictions (5) and (6)

var; = mintW;Htwt ©)
wip > 0,0,Vi=1,...,n (4)

Z w;t = 1 (5)
i=1
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In (4), var, is the variance of the portfolio in instafitw; is the weights
vector in the instant; H; is the estimated covariance matrix in instant
In (5) and (6)w; is the weight of (the) assétin the composition of the
portfolio at instant; » is the number of assets. Formulation (5) assures the
non-negativity of the weights, while (6) states that is 13seey to use all
available capital in the portfolio.

In the next step, we compared the dynamic and static risknniuai-
tion in-sample and out-sample. For out-sample, we remadvedaist 220
estimated covariance matrices, which correspond to ore yed replaced
them for Copula-DCC-GARCH model forecasts, estimatingragatimal
weights. For static portfolio we used the Copula-DCC-GAR@bdel es-
timates and forecasts, but weights were fixed, being thoseénal through
unconditional covariance matrix.

We compared the volatility mean of both portfolios, i.e., west
the null hypothesigiy : Volatilityaynamic > Volatilitysiaric, against
H1 : Volatilitygynamic < Volatilitysiatic. The rejection of this null hy-
pothesis implies in Copula-DCC-GARCH based portfolio hgviess risk
than static one. Moreover, we verified if the mean propodiageduction
in risk with the dynamic approach is significantly largerrtreero, i.e.,
Hy : RiskReduction > 0 againstH : RiskReduction > 0. The rejec-
tion of this null hypothesis implies in Copula-DCC-GARCHSsked portfo-
lio significantly reduces risk in relation with static apaob.

These hypothesis tests were calculatedwith two approa@esis the
non-parametric Wilcoxon rank-sum test, which was choseamalee does
not requires the normality assumption, is calculated sungrttie ranks of
the absolute differences between two samples. The Wilcoxaksum test
is asymptotically normally distributed. The other is thgo8tior Predictive
Ability (SPA), proposed by Hansen (2005). This testcompdesrorably
to the reality check for data snooping, because it is moreepilvand
less sensitive to poor and irrelevant alternatives. Thus,grocedure can
properly verify if strategy outperforms a benchmarkin pieia, or even if
some variable is significant, using bootstrapping to coesta confidence
interval.
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Furthermore, in order to give robustness to the results ppte simi-
lar procedure for comparison between Copula-DCC-GARCHiaggh and
traditional DCC-GARCH, with Normal and Student'snultivariate distri-
butions. Finally, we are able to validate both dynamic ofations as its
realization by Copula-DCC-Model.

3. Results and Discussion

We initially calculated the indices log-returns for theipdrof Septem-
ber 2001 to September 2011. The daily prices are exposedyimd-iL,
while log-returns in Figure 2.
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Daily prices of the U.S., German, British, Brazilian, Hongrig and Australian markets, in the period
from September 2001 to September 2011
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Daily log-returns of the U.S., German, British, Brazilidtiong Kong and Australian markets, in the
period from September 2001 to September 2011

Figure 1 indicates that markets daily prices do not havettt@sarity
propriety due to the presence of trends occasioned by edorstracks. It
should be noted that there was ahuge fall in all markets dutie obser-
vations 100-300, 1600-1800 and 2200. These periods ofgstuohulence
are, respectively, the consequences of the 9/11 terrdtistka, the sub-
prime crisis of 2007-2008 and, the Greek crisis that bega20it0. Fig-
ure 2 evidences that all markets presented three notakddlitglclusters,
around the previous cited turbulences. There were magnidifterences
in markets volatilities. These discrepancies are supppsetasioned by
distinct economic maturity and liquidity levels.
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In order to complement the visual analysis of Figure 1, Talpeesents
the log-returns descriptive statistics, while Table 2 bithithe correlation
matrix of them. Table 1 emphasizes that the studied markaedsckntral
trend measures very close to zero, as indicated by valuesdans and me-
dians. Standard deviation was similar for all markets, Witiger value for
Ibovespa. It confirms the visual analysis in Figure 2 and @aexplained
by the fact that Brazil is an emerging country, being retdjivriskier than
developed ones. All markets, with exception to the Braazjlihad more
probability on the left tail, leading to a negative skewneKsirtosis evi-
dences that markets are leptokurtic. These behaviorséae @ummon in
financial assets, as documented in previous researchegifL&nSolnik,
2001, Ang & Chen, 2002, Patton, 2006).

Table 1

Descriptive statistics of the daily log-returns of U.S.r@an, British, Brazilian, Hong Kong and
Australian markets, in the period from September 2001 tdebeiper 2011

Statistic SP500 DAX IBOV HSI ASX FTSE
Minimum -0.0947 -0.9883 -0.1210 -0.1469 -0.1049 -0.1265
Maximum 0.1096 0.1079 0.1368 0.1341 0.0540 0.0938
Mean 0.0000 0.0001 0.0007 0.0003 0.0002 0.0000
Median 0.0007 0.0008 0.0013 0.0005 0.0006 0.0005
St. Deviation 0.0142 0.0173 0.0201 0.0168 0.0111 0.0139
Skewness -0.2026 0.0195 -0.0784 -0.2118 -0.7669 -0.1336
Kurtosis 79.843 44.108 38.490 103.624 81.562 61.427

Table 2 indicates that there were differences between thigzad mar-
kets linear dependences. The stronger linear dependersdeciveeen DAX
and FTSE, which is normal because they belong to the samimenntThe
weaker correlation is for the relationship of S&P500 and A8Xgeneral,
the U.S. market has bigger correlations with others markiigs happens

because U.S. market is the most influent due to the North Amereco-
nomic power.
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Table 2
Correlation matrix of the daily log-returns of U.S., GermBnitish, Brazilian, Hong Kong and
Australian markets, in the period from September 2001 tdeSeiper 2011

SP500 DAX IBOV HSI ASX FTSE
S&P500 10.000 0.6423 0.6601 0.2579 0.1497 0.5850

DAX 10.000 0.4859 0.3740 0.3233 0.8232
IBOV 10.000 0.3374 0.2165 0.5039
HSI 10.000 0.6454 0.4167
ASX 10.000 0.3942
FTSE 10.000

Subsequently, we estimated the VAR (12) model, as specifi€d)i
The number of lags was chosen based on the traditional Al@.tBuack
of space we omitted the results about this model. With thieluats of
this model we estimated the Copula-DCC-GARCH, as formdlate(2),
in order to obtain the dynamic covariance matrix of the @ssehe results
of this model are presented in Table 3. The results contaimd@ble 3
indicate that markets volatility is conditional to pastdmhation, as evi-
denced by the statistically significance tgfparameter for all assets. The
volatility of Ibovespa, HSI and DAX was affected by past sgebhshocks
during the studied period, as noted by their respectivearameter. There-
fore, it would be a mistake to use unconditional covarianedrimas a risk
measure in the portfolio construction.
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Table 3
Results of the estimated copula-DCC-GARCH model for daity-teturnsof U.S., German, British,
Brazilian, Hong Kong and Australian markets, in the periahf September 2001 to September 2011

Parameter Coefficient p-value

SP500 0.0000 0.8413
SP500 0.0840 0.2329
SP500 0.9126 0.0000
DAX 0.0000 0.8363
DAX 0.0916 0.3878
DAX 0.9044 0.0000
Ibovespa 0.0000 0.3678
Ibovespa 0.0698 0.0000
Ibovespa 0.9161 0.0000
HSI 0.0000 0.6719
HSI 0.0593 0.0396
HSI 0.9353 0.0000
ASX 0.0000 0.6420
ASX 0.0809 0.0001
ASX 0.9172 0.0000
FTSE 0.0000 0.8945
FTSE 0.1156 0.5454
FTSE 0.8780 0.0000
AlC -38.923
Copula Parameter p-value
Student’st 78.459 0.0000
Log-Likelihood 34.565
AIC -8.345

*Bold values are significant at 5% level.

ci, a; andb; represent the constant, the impact of past
squared shocks and the impact of the lagged condi-
tional volatilities, respectively.

Q statistics did not reject the null hypothesis of ran-
domness.

The results in Table 3 show the best fit of the copula-DCC-GARC
based on student t copula, i.e., the best fit for both marglisafibutions
and joint distribution. This result corroborate with pr@ys researches, like
Marshal & Zeevi (2003) among others, which have shown thatfithof
this copula family is generally superior to that of other alag for financial
data. It is worth to note that these copulas assign, in cedegree, most
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importance to the tails of the joint probability distribwi than the Gaussian
one. This factindicates higher dependence among sectertrgme events
than the normally expected.

Complementing, theestimated volatilities and dynamicedations are
shown, respectively, in Figures 3 and 4. Figure 3 reinfotbesprevious
results exhibiting peaks in conditional volatility duririge observations
that represent the consequences of the terrorist attacke0h, the sub-
prime crisis of 2007/2008 and, the Greek crisis that begigdm0. It is
worth to note that Australian market had the lower risk lelging the pe-
riod. Further, the horizontal lines in the plots represéet inconditional
counterparts. Again, itis evidenced that unconditionahsuees are unable
to match risk dynamics in financial markets. Figure 4 viguaidicates
that unconditional covariance matrix do not seems to folimancial data
evolution. Just like conditional volatilities, there arertzontal lines that
represent unconditional correlation between each pairavkats. It is ev-
ident that there were many oscilations in the linear depecelef the ana-
lyzed assets. There was a similar behavior of initial demdallowed by
a growth in the correlation with the series evolution, imdileg a possible
vestige of globalization. The peak of linear dependencessaated with
the turbulent period of the 2007/2008 sub-prime crisis,chtaffected all
markets.

With the log-returns conditional covariance matrix we donsted a
portfolio for minimizing risk, as explained in (4). Paretion of each
asset evolution in portfolio composition is presented igufé 5. Plots in
Figure 5 emphasizes that there was a large amount of variatiglobal
risk diversification. Horizontal lines represent the stateights obtained
by minimizing an expression similar to (4) for the uncoratil covariance
matrix. In the first sample part, ASX had greater participatifollowed by
S&P500 and FTSE. This result emergesthe possibilitythtat #e terror-
ist attack of 2001 investors could have changed their agibias to other
markets. The chosen markets were those with high liquidity lass risk
at that time. After this period, ASX lost space. FTSE keptgular weight
in the composition. S&P500 recovered its participatiorerafie initial pe-
riod, but had a fall during the sub-prime crisis. DAX and H&drsmall
weights along the period, exhibiting peaks during sub-prand the Greek
crisis, respectively. Ibovespa presented more participagspecially af-
ter the sub-prime crisis, where Brazilian market conquengéernational
respectability.
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Estimated conditional volatilities of daily log-returntbe U.S., German, British, Brazilian, Hong
Kong and Australian markets, in the period from Septemb@4.20 September 2011. The horizontal
lines represent the standard deviation of log-returns ¢h @aarket during the analyzed period
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Estimated conditional correlations among daily log-netuof the U.S., German, British, Brazilian,
Hong Kong and Australian markets, in the period from Sepm2001 to September 2011. The
horizontal lines represent the unconditional correlabbtog-returns for each bivariate relationship
between the markets during the analyzed period

After, we compared the risk reduction proportioned by thisaimic
portfolio over the traditional static approach. Figuresn@ & exhibit, re-
spectively, the absolute and proportional reduction imyda, while Figures
8 and 9 present the same on out-sample, which is composediyod#ts.
Moreover, Table 4 presents the results of the Wilcoxon isurk-test for
the analyzed data and simulated samples.
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The plots of Figures 6 and 7 highlighted the superiority efdynamic
portfolio over the static approach regarding to risk mirziation. The peaks
in the reduction occasioned by the dynamic rebalance ofiveigere just
during the turbulent periods of the 2001 terrorist attact e 2007/2008
sub-prime crisis. In these periods risk reduction overcaoé.
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Figure 5

Temporal evolution of the U.S., German, British, Brazilittong Kong and Australian marketsin the
participation at the international diversification durithg period from September 2001 to September
2011. The horizontal lines represent weights estimatezligiir the unconditional covariance matrix of
log-returns for each market during the analyzed period
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Figure 7

Proportional risk reduction obtained by the dynamic pdidfover the static one composed by the
daily returns of the U.S., German, British, Brazilian, Hdfong and Australian marketsin the period
from September 2001 to September 2011
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Risk predictions of the dynamic (black) and static (red)fotios for the 220 observations on the
out-sample period. These predictions were obtained thrtiug copula-GARCH model
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Figure 9

Proportional risk reduction obtained by the dynamic pdidfover the static one composed by the
daily returns of the U.S., German, British, Brazilian, Hdfang and Australian marketsin the
out-sample period
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Further, on out-sample, represented by Figures 8 and 9,ythanuc
portfolio advantage remained at the same level. It is warthizz that the
estimated Copula-DCC-GARCH model was able to predict tHatiity
cluster occurred during Greek crisis. Again, especiallyirduthis turbu-
lent period, the dynamic portfolio reduced risk in more tB&f6. In order
to validate the advantage obtained by the dynamic appreaeicpompared
its volatility with Static and conventional DCC approaches further ver-
ified if the volatility reduction in relation withStatic armbnventional DCC
approaches was significantly different from zero. Thespssteere made
with the non-parametric Wilcoxon rank-sum test and the S#2A tResults
of these tests are presented in Table 4.

Table 4
Wilcoxon rank-sum and SPA tests for daily returns of the UG&rman, British, Brazilian, Hong

Kong and Australian marketsin the period from Septembefl20@Beptember 2011 obtained by the
dynamic portfolio over the static and usual DCC ones

Variance Difference Relative Reduction

In-sample Wilcoxon  SPA  Wilcoxon  SPA
Unconditional Static ~ 0.0000  0.0000  0.0000  0.0000
Normal DCC 0.0123  0.0099 0.0086  0.0067
Student DCC 0.0214  0.0156 0.0198 0.0076
Out-sample

Unconditional Static ~ 0.0000  0.0000  0.0000  0.0000
Normal DCC 0.0022  0.0109 0.0000 0.0000
Student DCC 0.0105 0.0010 0.0075  0.0090

* All values are significant at 1% level.

Results in Table 4 corroborate with plots in Figures 6 to 9pleasiz-
ing that the estimated dynamic portfolio variance was $icamtly smaller
than the static approach as both inside and outside the saffik conclu-
sion is supported by the Wilcoxon rank-sum and SPA testénydbthesis
rejection. Furthermore, same tests for Normal and Stud€€ ihdicate
clear advantage for the dynamic composition obtained witbpaila based
model.

4. Concluding Remarks

With a copula-based GARCH model, we estimated the dynamnviarco
ance matrix of the studied markets. The estimated covagiaratrix result-
spoints out the need of risk management able to fit the dynbetiavior of
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the volatility, as wellas the dependence of internatioaktionships.In this
sense we constructed a portfolio composed by the studieletsamini-

mizing risk at each instant, with base on the estimated djmaavariance
matrix.

The results indicated a large amount of variation in weiglssociated
with turbulent periods. After the terrorist attacks of 20@darkets with
high liquidity and less risk,i.e., Australian and Britisthtained more par-
ticipation. After this period, S&P500 recovered its papation, but had
a fall during the sub-prime crisis. In this crisis, DAX andWespa were
used for risk diversification. The Brazilian market kept prticipation.
The German market lost participation due to the Greek ¢ridigch spread
to all Europe. HSI, which had some patrticipation during thele period,
reached its peak during the Greek crisis, emphasizing tperiant role of
emerging countries in the actual diversification context.

Subsequently, we compared the constructed dynamic portfith the
static approach regarding to risk reduction inside andidgeitsample. The
results indicated that there was significant risk reductempecially during
periods of turbulence. In these occasions, the dynamidgtiorbvercame
the static one in more than 30%. Moreover, on out-sampledyimamic
approach has the same superiority. Finally, to give rolasstifior the results
found, we replicate the same comparison to Normal and Stie€ usual
models. Even in this case, the dynamic portfolio constaigtiéh Copula-
DCC-GARCH was able to reduce risksignificantly if compardthwo the
benchmark composition.
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