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Abstract. This paper proposes a nhew approach to estimate time varying conditional
variance and covariance matrices allowing for the impact of higher moments in the
framework of the Autoregressive Conditional Density (ARCD) model. The proposed
method is based on the estimation of only univariate ARCD models and is
numerically feasible and easier to estimate than existing complicated multivariate
volatility processes that often suffer from unrealistic a priori restrictions and
convergence problems. An empirical application of the new model is provided to
forecast the VaR of aggregate equity portfolios for the US and UK and foreign
exchange portfolio for EUR and GBP against USD and is compared to GARCH and
BEKK models. Our results, using both statistical and economic criteria, suggest that
the simplified multivariate version of ARCD performs at least well as the other two
models indicating the higher moments’ importance in volatility forecasting and VaR

calculation.
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Introduction

Understanding and estimating time varying conditional variances and covariances is
important for many issues in finance since there are many applications that rely on
multivariate covariance models. It is essential, for optimal hedging, asset allocation,
derivatives pricing and risk management, the accurate modelling and forecast of the
assets returns co-movement. Bollerslev, Engle and Wooldridge (1988), Cecchetti
(1988), Myers and Thompson (1989), Baillie and Myers (1991), Kroner and Sultan
(1993), Ng and Kroner (1998), argue that financial prices are characterized by time
varying variances and covariances, presenting a variety of multivariate GARCH
models. Bollerslev, Engle and Wooldridge (1988) suggested the VEC model and the
diagonal VEC (DVEC) model in which the variances depend only on their past
squared errors and the covariances on their past cross-products of errors. Given the
excessively large parameters needed to estimate the VEC model and the necessity to
impose strong restrictions on the parameters Engle and Kroner (1995) proposed the
BEKK parametrization avoiding unrealistic assumptions such as that the correlation
between the conditional variances is constant (Constant correlation model by
Bollerslev 1990), and guaranteeing that the time varying covariance matrix is positive
definite. Additional models can be found in Engle, Ng and Rothschild (1990b) who
proposed factor models (FGARCH), in Alexander and Chibumba (1997) who proposed
the orthogonal GARCH models (O-GARCH), in Tse and Tsui (2002) and of Engle
(2002) who suggested the Dynamic Conditional Correlation models (DCC). All the
above models assume that asset returns are jointly normally distributed ignoring the
fact of asymmetry in volatility and covariance, fat tailness and skewness. However,
asymmetry and skewness in distribution, is found in many financial assets since their
return distributions depart far away from normality. For instance, French, Schwert
and Stambaugh (1987) rejected normality claiming significant conditional skewness
in daily residuals of the SP500 returns, Hong (1988) found abnormally high kurtosis

in daily NYSE stock returns, Harvey (1995) observed deviations form normality in
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emerging stock markets indices, Harvey and Siddique (1999) showed that conditional
skewness is important and consistent with asymmetric variance in daily, weekly and
monthly returns of selected markets.

Since there is well established stylized evidence that financial returns exhibit fat tails
and skewness, a lot of studies focused on using of non normal distributions to better
model this excess kurtosis and skewness. More specifically, in the univariate
framework, a large variety of conditional densities has been employed to
accommodate the asymmetry and fat tailness. Hansen (1994) was the first to
propose a Skew-Student distribution which allows for conditional higher moments.
Recently, Harvey and Siddique (2002a, 2002b), Jondeau and Rockinger (2006) and
Yan (2005), Brooks, Burke and Persand (2005) among others, have discussed ways
to jointly estimate time varying conditional variance and skewness, but their resulting
formulation is difficult to be implemented, moreover in a multivariate extension.

More precisely, none of the popular multivariate models are compatible with the
skewness and kurtosis of asset returns since they assume multivariate normality. A
few studies exist on the higher moments modelling in multivariate approaches.
Harvey, Ruiz and Shepard (1994) and Fiorentini, Sentana and Galzolari (2003)
replace multivariate Gaussian density with student density by letting conditional
innovations to follow a Student-t distribution. Sahu, Dey, and Branco (2001), and
Bawens and Laurent (2005) propose a multivariate skew Student density with
support on the full Euclidian space. Their main finding is that this density improves
the quality of out of sample VaR forecasts. More recently, Hafner and Rombouts
(2004) and Rombouts and Verbeek (2005) apply a multivariate semi parametric
GARCH estimation technique to capture higher moments showing that in within
sample portfolios’ VaR the model’s superiority and robustness is confirmed. Azzallini
(1996) and De Luca, Genton and Loperfido (2006) propose the multivariate Skew-
GARCH model including a parameter to control skewness. Lee and Long (2005)
introduce copula-based multivariate  GARCH, the C-MGARCH with uncorrelated
dependent errors, arguing that in terms of in sample model selection and out of
sample multivariate density forecast, the choice of copula functions is more
important than the volatility models. The main drawback of the above models is that
are rather complex, and suffer from a large parameters estimation and convergence
problems.

In this paper, we propose an alternative, simplified multivariate model, the simplified

Multivariate Autoregressive Conditional Density Model (S-ARCD) which is compatible
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with the skewness and kurtosis of the financial returns and is easy to be
implemented increasing the computational efficiency. It is based on the
Autoregressive Conditional Density Model (ARCD) proposed by Hansen (1994) and
involves the estimation only of the univariate specification of the above model. The
conditional variances are calculated by the simple univariate models, and the
conditional covariance is then imputed from these variance estimates. We illustrate
the S-ARCD to forecast the VaR of aggregate equity portfolios for the US and UK and
foreign exchange portfolio for EUR and GBP against USD and is compared to the ad
hoc multivariate version of GARCH (Wang, Yao, 2005) and BEKK models. Our results,
using both statistical and economic criteria, suggest that the simplified multivariate
version of ARCD performs at least well as the other two models indicating the higher
moments’ importance in volatility forecasting and VaR calculation.

The remainder of the paper is organized as follows: the next section introduces S-
ARCD and briefly describes BEKK and the ad hoc multivariate version of GARCH
(Wang, Yao, 2005) models. The third section describes the data and the empirical
results on the VaR estimation. The next section compares the VaR performance of

the alternative models. The final section concludes the paper.

1. Methodology

This section describes the three models under consideration: the ad hoc multivariate
version of GARCH, BEKK and S-ARCD. The first two models are presented briefly

since there is extensive description in the academic literature.
1.1 The ad hoc multivariate of GARCH

Wang and Yao (2005) first proposed an ad hoc multivariate method using univariate
GARCH models in order to allow the return covariance matrix to vary over time. More

precisely, using the popular GARCH(1,1) specification, the conditional variances of

two return series y, ., ¥,,,can be modelled respectively as:
2
hl,t = Cy t @&yt ﬂlhl,t—l (1a)

2
hz,t =Cpta&, t ﬂzhz,t-l (1b)



where £°,, , and &°,, ,are the lagged squared residuals from the conditional

mean equations for the spot and futures returns respectively. Then, to model the

conditional covariance, the following steps are implemented. Firstly, a new series is

+
constructed as: X;, , —(y”—Zy“) Secondly, the conditional variance of the new
series  /,.is estimated from another univariate GARCH(1,1) as:
2
h12,t = C12 + 812812,1‘-1 + ﬂ12h12,t-1 (1C)

Finally, the time varying conditional covariance of returns is given by the equation:

(h,+h,)

5 (2)

Ope = 2h12,t

1.2 Multivariate GARCH

Engle and Kroner (1995), among others, have relaxed this assumption by proposing
a multivariate GARCH process. Using a BEKK representation, the conditional variance

matrix is the following:
Ht = CC I+ Agtflgtfl 'A’+ BHt_lB' (3)
where C, A, B are 77 xn matrices, with C being upper triangular, symmetric and

positive definite. The conditional variance matrix H,_, is positive definite since the

second and third terms in the above equation (5) are expressed in quadratic forms.
This means that no other constraints for the matrices A and B are necessary. For the
case of the bivariate GARCH(1,1), the BEKK model is estimated in a restricted form
with C as a 2x 2 lower triangular matrix, and, A, B being 2x 2 diagonal matrices.

This can be expressed by the following equations:
hll,t /le,t _ [Cn 0 j[cn CZZ]"'(al 0] 821,1‘71 & 418014 (al 0 ] N
th,t hZZ,t CZZ C12 0 C12 O a2 51,t71‘92,t71 gzzlt,l O az
+(ﬂ1 0 j(hn,m My ] (,31 0 j
0 :Bz /721,1‘71 hZZ,t—l 0 ﬂz
(4a)

or,



2 2.2 2
/711,1' =Cp +a&,,+ /711,['—1

2 2 2.2 2
h22,t =Cu+Chr+a8,, + 5 hzz,t—l (4b)

My = CuCop + @881 16501 + By ey
where ¢,,, C,,,C,,, are constants and &/, , &5, , are the lagged residuals from the

conditional mean equation for the spot and futures returns respectively.
1.3 The Simplified Multivariate Autoregressive Conditional Density Model

Let yi:and y,, two univariate discrete time real-valued stochastic processes, (i.e. the
rate of return of an asset or market portfolio) and I is the information set at time t,
which encompasses yi: and all the past realizations of the process y;: where i=1,2.

Then, the conditional mean returns are denoted as: ulltzE(y1,t|_/'t,1),

Uy = E( y2,t|[H)and the conditional covariance matrix of y;:and y,.is given by:

h h
[/a/‘(yjrt’yzrt |]t_1) = Zt — L’H,t , 12t } (5)
21t Moz

The goal is to model the elements of the conditional covariance matrix taking into
consideration the time varying skewness and kurtosis. Our approach is based on
Hansen (1994) Autoregressive Conditional Density Model (ARCD), who proposed a
generalization of the Student-t distribution to capture asymmetry and fat tailness,
involving only univariate modeling. Although alternative skewed Student-t
distributions have been considered in the literature (eg., Jondeau and Rockinger,
2003, 2006; Harvey and Siddique, 1999, 2002a, 2002b), we selected this
specification because it has a clear computational advantage over competing models
(e.g., see Harvey and Siddique, 1999; Brooks and Persand, 2005) and the variation
in the shape parameters may be smaller and easier to manage numerically. Also,
only few parameters are estimated in each model and, generally, it is easier to
implement than other multivariate models such as BEKK, Vech or stochastic variance
models. An alternative approach, the simplified multivariate GARCH, has been
presented by Harris, Stoja and Tucker (2007) in order to estimate the minimum-
variance hedge ratio for the FTSE 100 index portfolio. In this paper, the proposed
method involves two steps and is based on Wang and Yao (2005) method. Firstly,



the conditional variances are estimated using the following univariate form of the

ARCD model’s distribution density function:

-(7+1) )
f(Z|77,/1)={bd(1+ (—1 (bz+/()2) 2 for z <?k
n

-2 1-4

and (6)

1 =(n+1) -k
f(z|n, /l)z{ba’(1+ 2 ) 2 for z -

where

2<np<w, -1<A<1, n, are the degrees of freedom, 4, is the skewness, while k,

b, d are constant parameters defined by the following equations:

n+1)
} r(+==2
k=4m(%), B =1+327-k*, 4 - o) 7)
-

Jﬂnzu”

More specifically, the degrees of freedom 7, and skewness A,are specified as

following:
Me =70 T 716eq 7/251‘2-1 (8a)
b=l + e+ Al (8b)

Jondeau and Rockinger (2003) have presented the exact formulas for the calculation
of the kurtosis and skewness. The conditional log-likelihood of the full ARCD model is

calculated as:

7

uk - 3 loaf(zin)-Sioah ) ©)

t=max(p,q)+1

The ARCD shape parameters 7, can be estimated by standard iterative methods by

assuming arbitrary reasonable initial valuer, . It is advisable to compute robust
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standard errors since they generate asymptotically valid confidence intervals for the
pseudo-true parameter values which minimize the information distance between the
true probability and the quasi-likelihood measure. In this manner, we can achieve
the maximum possible accuracy in our results. Finally, the Nyblom L-statistic, for

testing the constancy of the estimated parameters, takes the form:

n

2
Lk = %Z if’f (10)
t=1

i

where G, are the cumulative scores and V, is the ith diagonal element of the

i
estimated variance. The L-statistic is used to test the stationarity of the parameters
of the distribution function and can be considered as the LM test of the null
hypothesis that the parameters are stable. Asymptotic critical values for the Nyblom
test and an extensive analysis have been presented in Hansen (1990). The

conditional variances are given by:

2
hyy =Cyy+a (e —hy )+ Bihy (11a)

hy,, =Cyy + a2(822,t-1 -h, )+ B,h, (11b)

Secondly, the conditional covariance oy is estimated following the method proposed
by Wang and Yao (2005) constructing a new series with the general form of:

+
O = M for the i<j elements of the equation (5) where i,j =1,2. The
' 2

conditional variance of the above new series is estimated as #,,, =Var(o,, |7, ;)

using the univariate version of the ARCD model described above using the following

equation:

2
h12,t =Cpp +2ayp (812,t-1 - hlz,t—l) + ﬂthlz,t—l (11c)

Then, for all 1</ < j <2 the conditional covariance is calculated using the following
equation:

(hl,t + hZ,t)
—
The above identity has been proposed by Wang and Yao (2005) in order to derive

S = 2/712,t - (12)

estimators of the covariance matrix when there is no multivariate extension of the

underlying univariate model. Overall, the simplified ARCD model involves the
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estimation of only univariate ARCD models. Therefore it is easier and computationally
simpler to be implemented than Vech and BEKK models avoiding overparametrization
since only a few parameters are estimated in each model, and the maximum
likelihood converges more efficiently. Also, there are no restrictions for the
coefficients of the conditional covariance unlike diagonal Vech, BEKK and constant
correlation models’ covariance matrix elements.

However, the above flexible structure of the S-ARCD model comes with some
disadvantage. The resulting estimate of the conditional correlation matrix is not
necessarily positive semidefinite since there is no possibility to set any restrictions in
the conditional covariance coefficients. There several procedures to encounter this
problem. Harris, Stoja and Tucker (2007) propose three simple techniques to ensure

the estimated correlation matrix positive semi —definiteness’.

3. Data Description and Empirical Analysis

The data used in the present study includes daily closing prices for the UK Financial
Times Stock Exchange Index (FTSE), and the US Dow Jones Index (DJ) and daily
spot prices of two exchange series, the EUR and the GBP against USD. The sample
covers the period from 3 January 2000 until 30 June 2007 for all four data series, a
total of 1952 observations for both the exchange rates and 1861 for the FTSE and
Dow Jones indices respectively. The last 100 observations for each series are left for
ex ante (out of sample) portfolio VaR estimation. Descriptive statistics of logarithmic
returns of all series data under study are provided in Table 1.

There is strong evidence that all series are non-normally distributed with high peaks
and fat tails. For all series, there is negative asymmetry in the distribution. The
Ljung-Box portmanteau test for all series except FTSE shows no significant
autocorrelation while the ARCH-LM test for serial correlation in squared returns
reveals volatility clustering in all series and more significantly in equity indices.

Table 1. Descriptive Statistics of spot and futures index returns

Obs. Mean St.Dev. Skewness Kurtosis JB Q:(10) ARCH(4)

Equity Indices

1 A detailed analysis can be found in Harris, Stoya and Tucker paper: A simplified approach to
modelling the co-movement of asset returns published in The Journal of Futures Markets (2007).
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FTSE 1,861 -0.003 1.123 -0.231 6.385 920.55 37.71 153.8

DJ 1,861 0.009 1.075 -0.079 7.103 1321.95 12.99 77.51

FX Spot against USD

EUR 1,952 0.014 0.618 -0.027 3.776 49.22 8.66 38.84

GBP 1,952 0.011 0.510 -0.021 3.564 26.08 2.93 9.40

Jarque-Bera (JB) is asymptotically distributed as a Chi-squared with 2 degrees of freedom
under the null hypothesis of normality. The Qi(k) represents the Ljung-Box portmanteau test
of the return series. ARCH(4) statistic tests the null hypothesis that the first four partial
autocorrelation of squared returns are zero.

For the empirical implementation of the simplified ARCD the conditional variances are
estimated using the simple version of ARCD model applying equations 11a and 11b

(rFf5E+rDJ)
2

for the equity indicess FTSE and DJ so as to estimate the conditional covariance by

for each data series separately. We then construct the new series 7., =

equation 12. The conditional variance of the new series r. , is estimated applying

another univariate version of ARCD.
The above procedure is implemented, also, for the foreign exchange series

currencies EUR and GBP. The new series, from the currencies EUR and GBP against

Feyr + 1 . iy .
UsD, r... =M is constructed and used for the conditional covariance

2

calculation. The estimated parameters of the simplified multivariate ARCD S-ARCD
model for the D] and FTSE indices and the EUR and GBP currencies are presented in
Table 2. The simplified ARCD model estimation results are presented in Table 2. We
report the conditional variance, degrees of freedom, skewness and Nyblom test
values. For the conditional variances, the conditional degrees of freedom and the
conditional skewness, the Nyblom L test indicates that the parameters are all stable
since the test statistic is less that the 1% level critical value of 0.75. This is also
confirmed by the joint Nyblom test which is smaller than the 1% critical value of 2.8.
Overall, the coefficients for the conditional degrees of freedom and the conditional
skewness seem to be highly significant implying that the simplified ARCD model is
well specified and fits the data capturing the higher moments’ time variation.

A log likelihood ratio ratio (LR) statistic is applied to test the null hypothesis that the
series follow the normal distribution against the alternative of time varying higher

moments. Since the normal distribution (of GARCH model) is nested to the skewed
10



Student-t distribution of the simplified ARCD model, the LR statistic is calculated by
the following formula: LR= -2[ ILGARCH| — [LARCDI) where LGARCH and LARCD are
the absolute values of the maximum values of the log likelihood functions under the
normal distribution and the skewed Student-t distribution respectively. As shown in
Table 2, all LR values are greater than their critical value of 9.21 at 1% significance
level, strongly rejecting the null hypothesis of time invariant shape parameters which
GARCH assumes, implying that the empirical distribution of data returns do not
follow a normal distribution.

Overall, the simplified ARCD model seems to fit the data better compared to the ad
hoc GARCH(1,1) model since the Nyblom Joint test statistic for the stability of the
parameters of GARCH(1,1) model is rejected at 1% significance level, evidence that
a further dynamic specification is needed.

Table 2. S-ARCD estimates for FTSE, DJ, (F+D), EUR, GBP, (E+G)

S-ARCD FTSE D] (F+D) EUR GBP (E+G)
Conditional Variance
C11 ,sz IC12 0.0125 0.0065 0.0084 0.0010 0.0021 0.0030

(0.0033) | (0.0033) | (0.0032) | (0.014) | (0.0014) | (0.0008)
ZoMysy o Bay &ps -y, | 01110 | 00809 | 01004 | 0.0248 | 0.0330 | 0.0274
(0.0137) | (0.0137) | (0.0176) | (0.0061) | (0.0061) | (0.0073)
h,,. 0.9934 | 1.0018 | 0.9970 | 1.0002 | 0.9924 | 0.9992

' (0.0056) | (0.0055) | (0.0073) | (0.0416) | (0.0416) | (0.0032)

h,

1,t-171

h

2,t-171

Nyblom L, test

Cyy 1Cyy 1€y 0.1922 | 0.2446 | 0.2682 | 0.2827 | 0.1935 | 0.3552

Eoy R ysyEey-Bpsy bty | 00275 | 00294 00329 | 00314 | 0.0845 | 0.1479

h1 ; 1’h2 1t h12 £ 0.4510 0.4646 0.5500 0.1588 0.1202 0.1669

Conditional

Degrees of Freedom

Yo 1.1540 -1.0340 0.5543 1.5386 -0.5457 | 32.4942
(0.3926) | (0.3926) | (0.6614) | (1.3801) | (0.3801) | (0.8161)

&-1(V1) -2.3983 -2.2531 -2.1126 6.0572 -0.6676 | 11.4998
(0.5764) | (1.0053) | (0.8126) | (2.2752) | (0.4100) | (0.5764)

.92,_1 (v2) 0.3063 0.4199 0.2927 1.9576 0.3059 -9.5452

(0.1538) | (0.0358) | (0.0206) | (0.9169) | (0.0537) | (0.1538)
Nyblom L, test

Yo 0.2278 | 0.9729 | 0.8485 | 0.1806 | 0.4026 | 0.3000
&.4(v1) 0.0482 | 05098 | 0.2242 | 0.0781 | 0.0762 | 0.4246
Ee1(V2) 0.0580 | 0.1986 | 0.2162 | 0.0304 | 0.0527 | 1.1531

Conditional Skewness
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Ao -0.3660 -0.1161 -0.1904 | -0.0811 | -0.0685 | -0.0257
(0.0797) | (0.0754) | (0.0830) | (0.0424) | (0.0424) | (0.0033)
&-1(A1) 0.0122 0.2370 | -0.1904 | 0.2693 | 0.1239 | 0.2142
(0.0067) | (0.0682) | (0.0521) | (0.1025) | (0.0125) | (0.0154)
£2t.1 (Az) 0.0287 -0.0565 0.0352 -0.1376 0.2513 0.3062
(0.0041) | (0.0409) | (0.0031) | (0.0809) | (0.0809) | (0.0661)
Nyblom L, test
Ao 0.1361 0.4993 0.1172 0.1195 0.2403 0.2250
&1(A1) 0.0676 0.4063 0.1393 0.0514 0.0622 0.0731
r1(12) 0.0267 0.0798 | 0.0567 | 0.1275 | 0.1376 | 0.1602
Log Likelihood 2486.19 2498.18 | 221548 | 1782.38 | 1489.80 | 1461.46
LR test 25.72 18.82 46.78 72.84 83.72 27.38
Nyblom Joint Test 1.68 2.46 1.94 1.75 1.61 1.87

Numbers in brackets under the parameter estimates give the standard errors values. Nyblom
L statistic has been introduced by Nyblom (1989) and modified by Hansen (1990) for testing
the constancy of the est/mqtea’ parameters. It takes the form: L, =1/n*(3(G¢/ 17,1) where G
are the cumulative scores, V;is the iy, diagonal element of the estimate variance V and can be
considered as the LM test of the null hypothesis that all parameters are stable. The
asymptotic critical values for the Nyblom test have been presented in Hansen (1990). For the
Nyblom test, the 1% critical value is equal to 0.75, and for the Nyblom Joint test, the 1%
critical value is equal to 2.8. LR statistic is the likelihood ratio test of the null hypothesis of
normal distribution against the alternative that the data returns follow a skewed student t
distribution. The LR statistic is asymptotically distributed as a Chi-squared with 2 degrees of
freedom and its critical value at 1% significance level is 9.21.

Also, the ad hoc multivariate version of GARCH (Wang, Yao, 2005) and BEKK models
are estimated for all data. Tables 3 and 4 present the parameters for the ad hoc
multivariate version of GARCH and BEKK models respectively. For both GARCH(1,1)
and Bivariate GARCH(1,1) models, all coefficients are positive and statistically
significant. Especially, for the simple univariate GARCH(1,1), the near-unity sum of

the coefficients suggests very high persistence in the conditional variances.

Table 3. Ad-Hoc GARCH(1,1) estimates for DJ, FTSE, (F+D), EUR, GBP, (E+G)

Ad Hoc GARCH(1,1) | FTSE D] (F+D) EUR GBP (E+G)
Cie 1€2 1€y 0.0132 | 0.0114 | 0.0098 | -0.0001 | 0.5073 | 0.0011
(0.0038) | (0.0021) | (0.0021) | (0.0005) | (0.0187) | (0.0008)
312't_1 ,822,t_1 ,3122’t_1 0.1010 | 0.0758 | 0.0839 | 0.0216 | -0.0505 | 0.0297
(0.0132) | (0.0087) | (0.0096) | (0.0043) | (0.0042) | (0.0058)
hl,t-l h2,t-1' h12,t-1 0.8872 | 0.9141 | 0.9035 | 0.9786 | -0.9615 | 0.9665
(0.0138) | (0.0103) | (0.0110) | (0.0045) | (0.0440) | (0.0073)
LL -2473.33 | -2488.77 | -2192.09 | -1745.96 | -1447.94 | -1447.77
Nyblom Joint Test 4.15 3.21 3.98 3.83 3.65 3.76
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Standard errors appear in brackets. For the Nyblom Joint test, the 1% critical value is equal
to2.8.

Table 4. BEKK(1,1) estimates for (FTSE, DJ), (EUR, GBP)

BEKK(1,1) (FTSE, DJ) (EUR,GBP)
c,, 0.0398 0.0161
(0.0194) (0.0120)
B, 0.9733 0.9875
(0.0030) (0.0017)
a 0.0.2135 0.1501
(0.0117) (0.0103)
C, 0.0357 0.0200
(0.0188) (0.0105)
5 0.0647 0.0393
(0.0151) (0.0120)
5, 0.9477 0.9828
(0.0062) (0.0029)
a, 0.2988 0.1638
(0.0177) (0.0117)
LL -4801.50 -2456.70

Standard errors appear in brackets.

In the following figures 1a, 1b, 1c the fitted conditional covariance is plotted for the
three multivariate models. From a first view, for both portfolios, the EUR-GBP
currencies portfolio and the Dow-FTSE indices portfolio, the magnitudes and patterns
of the time varying conditional covariance obtained from S-ARCD are similar to these
captured from the other two multivariate models ad hoc GARCH(1,1) and BEKK(1,1).
As a result, a more sophisticated evaluation approach must be developed in order to

examine the performance of the three multivariate models.

Figure 1a: Time varying Conditional Covariances for S-ARCD model.
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Figure 1b: Time varying Conditional Covariances for ad hoc GARCH(1,1) model.
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Figure 1c: Time varying Conditional Covariances for BEKK(1,1) model.
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4. Evaluation

Two approaches are employed in order to evaluate the performance of the S-ARCD
model against the other two multivariate models ad-hoc GARCH(1,1) and BEKK(1,1)
models. Firstly, a statistical method is implemented using a regression model and
secondly an economic approach is used to estimate the volatility for the VaR
calculation of the aggregate equity portfolios and the foreign exchange portfolios.

For the statistical evaluation, the Harris, Stoja and Tucker (2007) proposed a
regression so as to test the conditional unbiasedness of the estimated conditional
covariance matrix. We compare the estimated conditional variances and covariance
hy. h,, o0,,,versus to the realized conditional variances and covariance which are
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the squares and the cross products of the residuals estimated by the relative

multivariate model for each series ¢, ,¢,,, respectively, using the following Ordinary

Least Squares (OLS) regressions:
‘glz,t = ‘91,0 + ‘91,10-121 Vi
éﬁz,t =0,,+ 62,10-22,'( Vo (13)

E11E9y = O+ 0051015, + Vi,

The above regressions are tested using an F-statistic. When the null hypothesis of a
zero intercept and a slope coefficient equal to one is not rejected then the
multivariate model under testing is well specified and correctly defined (Andersen
and Bollerslev 1998, Harris, Stoja and Tucker, 2007).

For the economic approach, we compute out of sample one day period VaR forecasts
using the variance covariance approach? (VCV) for both equities and foreign
exchange portfolios, since the VCV approach considers and reveals directly the
volatility and correlation effect in the Value at risk (VaR) estimation. The volatility is
updated as in Hull and White (1988) procedure in order to capture the volatility
clustering. The more accurate and efficient variance covariance estimation (VCV) is
the one which gives the lower level of capital to cover against unexpected portfolio’s
losses and also the smaller average deviation between the estimated VaR and the
actual return. Brooks and Persand (2003) showed that the forecasted portfolio’s VaR

based on the VCV approach is calculated as:

i i Tt @ ) R
l/aRp,HJ(T/a):I:'EHI,T:I [mj hp,t+1,T (14)

where i=S-ARCD, BEKK, ad-hoc GARCH(1,1), T is the forecast horizon, here equal to

1 day period, a is the desired confidence level, [F;;TIJ is the inverse of the

cumulative distribution function and hé,t,r is the portfolio’s forecasted conditional

variance which is given by the following type:

2 2
hp,t+1 =da h],t+1 +b hz,t+1 + 28[)0'_,2/“_,

(14a)

2 We restrict our attention to the variance covariance approach but also and other
methodologies such as historical simulation or parametric Riskmetrics approach could
be applied as well.
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h

, 2 @re the forecasted conditional variances estimated form the three

where £, ,.,,

models for the indices and foreign currencies respectively and o, ,,, is the

forecasted conditional covariance of the two indices or the currencies estimated form
the respective model, with a and b being the proportion invested in each asset. In
this study the weights a and b are each equal to 0.5, while the cumulative
distribution function is the normal distribution and the significance confidence level is
chosen as 5% and 1% which corresponds to a value of o equal to 1.65 and 2.33 for
the normal distribution respectively. In order to compare the VaR forecasts accuracy
estimated by the three models the following measures for VaR evaluation are
performed:
Unconditional Coverage

Kupiec (1995) proposed an unconditional test (LR"") so as to test the proportion of
times VaR is exceeded in a given sample and under the correct VaR model with the
null hypothesis that expected violation frequency is equal to the desired significance
level. The LR" follows an asymptotic chi-square distribution with one degree of
freedom x%(1) and computes the appropriate likelihood ratio statistic as:

LR =-2In[ (1- p) " p" |+ 2In[ @=N/T)" ™ (N/T)" |
(15)
where T is the sample size, N is the number of failures or violations, and p is the

desired significance.

Condiitional Coverage

Christofferson (1998) developed a test statistic (LR™) to account for unconditional
coverage and also for serial independence of VaR estimates. This is very useful since
we can conclude if a model rejection is due the unconditional coverage failure or
clustering of the exceptions or both. For testing the independence of the VaR
violations, the statistic is asymptotically x* distributed with one degree of freedom

and is derived as:
LR™ =2[Vy, (7, /(L— 7)) +Vo IN(L— 750 ) + Vg IN(730 (1= 7)) +Viy IN(L—70) [ )] (16)
where v; is the number of observations of I with value i followed by j,

oo = Voo ! (Voo +Vor ) Tag = Vo I(Vyg + Vi) = (Vg +Vyy) [V + Vo, +V4 +4,)- The  indicator

. 1, if exceedence occurs
Iiis constructed as: 7, = :

0, if no exceedence occurs
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The joint test for conditional coverage capturing both unconditional coverage and the

independence is simply given by the sum of the above individual tests and follows a

x° distribution with two degrees of freedom:

LR = LR" + LR™ (16a).
Root Mean Square Error (RMSE)

In VaR models evaluation, the root mean square error is a frequently used measure

of the difference between the VaR estimated values and the actually observed
portfolios’ returns. The model with the smaller RMSE is considered as the most

accurate VaR forecasting model. It is defined as:

_
RMSE = \/% S (hy-VaR', ., (17)
t=0

Standard Deviation of Capital Employed

The Economic Capital or Capital Employed is considered as the amount to be set
aside in order to cover most of the potential losses at a predetermined level. Its

standard deviation is calculated as:

i
SDWVaR) - \/%Z (VaR' .. ~VaR!)? (18)
t=0

where I/aR; is the average estimated portfolio VaR given by the following type:

. T .
VaRr, = %Zl/al?[’m+1 . The lower the standard deviation of the capital employed, the
t=0

most accurate is the model used for the VaR calculation since the uncertainty of the

compulsory capital used to cover the unexpected portfolio’s losses is reduced.

5. Results

Summary statistics for the estimated covariancesG; , ., 6, . from the three models
are reported in Tables 5a and 5b, whereG, , .is the estimated covariance for the
FTSE and Dow equity indices portfolio and GE,G,[ is the estimated covariance for the

EUR and GBP currencies portfolio. For the equity indices, the S-ARCD model has the
highest standard deviation, while for the exchange rate series the BEKK(1,1) model

is the one which gives the lowest level of volatility.

Table 5a. Descriptive Statistics of the estimated covariance 6, , ,
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Orpe Mean St. Dev. Skewness Kurtosis Min Max
S-ARCD 0.594 0.577 3.089 11.407 -0.402 5.859
Ad-Hoc GARCH(1,1) 0.534  0.651 2.956 10.542 -0.480 5.145
BEKK(1,1) 0.527  0.615 2.629 7.797  -0.442 4.007
Table 5b. Descriptive Statistics of the estimated covariance 6,  ,
Orce Mean St.Dev. Skewness Kurtosis Min Max
S-ARCD 0.218 0.090 0.939 1.876 0.000 0.582
Ad-Hoc GARCH(1,1) 0.220 0.126 1.072 2.644 -0.251 0.752
BEKK(1,1) 0.219 0.073 1.126 3.089 0.080 0.526

In Tables 6a, 6b the descriptive statistics of the conditional correlations, estimated
by the three multivariate models, are presented. The BEKK(1,1) model estimates
correlation with the lowest variability, while the S-ARCD follows. The Ad-Hoc
GARCH(1,1) model gives the most variable multivariate correlation for both data

series since the estimated standard deviations are the highest. Obviously, the fitted

correlation process for all the three models remains between -1<p,.,,<1 and

1<ps ¢, <1, meaning that the resulting estimated correlation matrix satisfies the

condition for positive semi-definiteness for both equity indices and foreign currency

data.

Table 6a. Descriptive Statistics of the estimated correlation p F ot

Pr s Mean St.Dev. Skewness Kurtosis Min Max
S-ARCD 0.459 0.161 -0.589 0.541  -0.301 0.960
Ad-Hoc GARCH(1,1) 0.456  0.177 0.109 3.969 -0.497 0.999
BEKK(1,1) 0.439 0.155 -0.962 2.264  -0.226 0.813

Table 6b. Descriptive Statistics of the estimated correlationp,  ,
Pres Mean St. Dev. Skewness Kurtosis Min Max
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S-ARCD 0.697 0.134 -0.963 1.387  -0.098 0.915
Ad-Hoc GARCH(1,1) 0.691  0.242 -0.767 1.815 -0.976 0.999

BEKK(1,1) 0.705 0.104 -1.005 1.177 0.245 0.886

In Tables 7a, 7b the correlation matrix between the three models is presented. More
precisely, for the equity indices data the models S-ARCD and Ad-hoc GARCH(1,1)
have the highest correlation reflecting the fact that are based on the same theory
framework, but the S-ARCD has higher correlation with BEKK(1,1) than the Ad-hoc
model. Indeed, for the currency series, the highest correlation is between S-ARCD
and BEKK(1,1) imposing that time varying higher moments such as skewness and
kurtosis play important role in the estimation of multivariate variance covariance
matrix and must not ignoring them such as in the case of Ad-hoc GARCH(1,1) model
which has the lowest correlation with BEKK(1,1) model for both cases.

Table 7a. Correlation matrix for the estimated correlationp, ,,,

lSF,D,t S-ARCD Ad-Hoc GARCH(1,1) BEKK(1,1)
S-ARCD 1.000
Ad-Hoc GARCH(1,1) 0.902 1.000
BEKK(1,1) 0.643 0.583 1.000

Table 7b. Correlation matrix for the estimated correlationp, . ,

Pror S-ARCD Ad-Hoc GARCH(1,1)  BEKK(1,1)
S-ARCD 1.000
Ad-Hoc GARCH(1,1) 0.587 1.000
BEKK(1,1) 0.926 0.432 1.000

The results of the regressions for the statistical evaluation are presented in the
following Tables 8a and 8b. The null hypothesis of the unconditional unbiasedness
for all the covariance matrix elements is examined by the regressions (13) using an

F-statistic in order to confirm if a multivariate model is well and correctly specified.
For the equity indices, and their estimated variances o} ,, o3 ,, the null hypothesis of
unconditional unbiasedness is accepted for all multivariate models, while for their
estimated covariance, all the multivariate models reject the unconditional
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unbiasedness, with the BEKK(1,1) model to have the weakest rejection. For the
currency data, both S-ARCD and BEKK(1,1) models accept the unconditional
unbiasedness for all the three elements of the conditional variance covariance
matrix, while the ad-hoc GARCH(1,1) model reject again the null hypothesis. Overall,
the BEKK(1,1) and the S-ARCD models are the ones with the best statistical
evaluation performance since the unconditional unbiasedness condition is rejected
only in one from the six cases.

Table 8a. Unconditional Unbiasedness testing Regressions for the equity indices

gé = gF’O + 9':'10'% Ve, S-ARCD Ad-Hoc GARCH(1,1) BEKK(1,1)

0 0.083 0.065 0.147
F.,0

0 0.953 0.960 0.891
F1l

F-statistic 2.839 0.520 1.368

2 2
Epr = 90,0 +0D,10-D,t +Vp

0 0.121 0.119 0.099
D,0

0 0.885 0.898 0.937
D1

F-statistic 2.610 1.588 1.067
éF,téo,t =0t eFD,lGFD,t *+Vep s

0 0.166 0.172 0.133
FD,0

é 0.640 0.698 0.762
FD1

F-statistic 7.388 8.498 4.014

The F statistic tests the null hypothesis that éi,o =0 and éi,l =1 where i=F, D, FD and has an

F(2,1861) distribution with critical value 3.00 at the 5% significance level.
Table 8b. Unconditional Unbiasedness testing Regressions for the currency series

B =0, + 0,00, +V, S-ARCD Ad-Hoc GARCH(1,1)  BEKK(1,1)

0 0.083 0.028
E.0
0.081
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P 0.782 0.794 0.933

El
F-statistic 2.916 2.674 0.248

N 2
Eor =050 105106, Vo,

ée . 0.046 0.172 0.015
éGl 0.816 0.331 0.926
F-statistic 1.512 1.072 0.307

Eer€e1 = Uee o T 61061 tVeor

brc o -0.047 0.107 0.034
b, 1.213 0.490 0.834
F-statistic 2.200 23.644 0.848

The F statistic tests the null hypothesis that ém =0 and @i,l =1 where i=E, G, EG and has an
F(2,1952) distribution with critical value 3.00 at the 5% significance level.

A rolling window of 100 observations is used for the out of sample estimation of each
model. The model which has the greater percentage of VaR exceedences in the out
of sample period the highest RMSE and the highest standard deviation of the capital
employed is ranked as the worst model, while the most accurate is the one with the
lower percentage of exceedences and also with the lowest RMSE and standard
deviation of the capital employed. Tables 9a and 9b and tables 10a and 10b report
the estimated five measures for the out of sample VaR evaluation of both equity and

currency portfolios at the 95% and 99% levels respectively.

Table 9a. Out of sample VaR evaluation measures for the equity indices portfolio at

95% confidence level.

FTSE-DJ Portfolio LR LR™ LR RMSE SD(VaR)
95% conf. level
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S-ARCD 0.0000 0.2526 0.2526 2.3234 0.5817
Ad-Hoc GARCH(1,1) 0.1984 0.3832 0.5816 2.4596 0.6613

BEKK(1,1) 1.6158 1.1981 2.8139 2.4080 0.5967

The LR™ statistic tests the null hypothesis that the proportion of VaR exceedences is equal to
the nominal significance level and has an chi squared distribution with critical value 3.84 at

the 5% significance level, The LR™ tests the null hypothesis that the VaR exceedences are
serially uncorrelated and has an chi squared distribution with critical value 3.84 at the 5%

significance level. The LR* tests the null hypothesis of both unconditional coverage and that
the VaR exceedences are serially uncorrelated and has an chi squared distribution with critical
value 5.99 at the 5%.

Table 9b. Out of sample VaR evaluation measures for the equity indices portfolio at

99% confidence level.

FTSE-DJ Portfolio LR LR™ LR RMSE SD(VaR)
99% conf. level

S-ARCD 0.7827 0.1216 0.9043 3.0523 1.0295
Ad-Hoc GARCH(1,1) 0.7827 0.1216 0.9043 4.3285 4.0149

BEKK(1,1) 0.7827 0.1216 0.9043 3.1134 2.7171

The LR™ statistic tests the null hypothesis that the proportion of VaR exceedences is equal to
the nominal significance level and has an chi squared distribution with critical value 6.63 at

the 1% significance level. The LR™ tests the null hypothesis that the VaR exceedences are
serially uncorrelated and has an chi squared distribution with critical value 6.63 at the 1%

significance level. The LR* tests the null hypothesis of both unconditional coverage and that
the VaR exceedences are serially uncorrelated and has an chi squared distribution with critical
value 9.21 at the 1%.

Table 10a. Out of sample VaR evaluation measures for the foreign currencies

portfolio at 95% confidence level.

EUR-GBP Portfolio LRY" LR LR« RMSE SD(VaR)
95% conf. level
S-ARCD 0.7530 0.2584 1.0114 1.0051 0.1442

Ad-Hoc GARCH(1,1) 2.4286 3.55E-15 2.4286 1.4887 0.2144

BEKK(1,1) 0.2253 0.1251 0.3504  1.1385 0.1961

The LR™ statistic tests the null hypothesis that the proportion of VaR exceedences is equal to
the nominal significance level and has an chi squared distribution with critical value 3.84 at
the 5% significance level. The LR™ tests the null hypothesis that the VaR exceedences are
serially uncorrelated and has an chi squared distribution with critical value 3.84 at the 5%
significance level. The LR* tests the null hypothesis of both unconditional coverage and that
the VaR exceedences are serially uncorrelated and has an chi squared distribution with critical
value 5.99 at the 5%.
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Table 10b. Out of sample VaR evaluation measures for the foreign currencies

portfolio at 99% confidence level.

EUR-GBP Portfolio LR LR™ LR RMSE SD(VaR)
99% conf. level

S-ARCD 5.1821 -4.44E-15 5.1821  1.2762 0.2036
Ad-Hoc GARCH(1,1) 0.0000 1.77E-15 0.0000  1.9994 0.3027

BEKK(1,1) 0.7827 3.55E-15 0.7827  1.4809 0.2769

The LR™ statistic tests the null hypothesis that the proportion of VaR exceedences is equal to
the nominal significance level and has an chi squared distribution with critical value 6.63 at

the 1% significance level. The LR™ tests the null hypothesis that the VaR exceedences are
serially uncorrelated and has an chi squared distribution with critical value 6.63 at the 1%

significance level. The LR* tests the null hypothesis of both unconditional coverage and that
the VaR exceedences are serially uncorrelated and has an chi squared distribution with critical
value 9.21 at the 1%.

All models provide correct unconditional and conditional coverage close to the

significance levels since their LR“", LR™ , and LR* values do not violate both the
5% and 1% tolerance levels, and therefore their VaR forecasts are adequate. More
precisely, the S-ARCD model in the equity indices portfolio achieves the required
coverage in the out of sample period, meaning that there is no waste capital, while
the ad-hoc GARCH(1,1) model is the one in the foreign currency portfolio.
Summarizing the results for the unconditional and conditional coverage, the VaR
predictions obtained from the three models are all within the percentage
exceedences threshold. Since, all models have a good unconditional and conditional
coverage performance, the examination of the root mean square deviation and the
standard deviation of the capital employed is required. For both equity and foreign
currency portfolios, the S-ARCD model provides the lower RMSE at 5% and 1%
levels reflecting its enhanced efficiency in the presence of leptokurtosis since it
captures time varying skewness and kurtosis, while the BEKK follows. Considering
the capital employed, the S-ARCD model produces again the lowest standard
deviation of the capital employed allowing the uncertainty, over the required capital
reserved to cover against unexpected adverse price movements, to be highly
reduced. This is very important for risk managers and investors since their capital

can be allocated in other more profitable assets.

5. Conclusions
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This paper proposes a simple and effective multivariate version of ARCD model the
S-ARCD to model conditional covariance processes which allows for time variation in
higher moments and is consistent with both asymmetries and fat-tails that are
typically observed in financial data. Empirical results using the equity indices FTSE,
DJ and the foreign currencies EUR and GBP against USD suggest that a significant
ARCD model can be estimated for all series. Moreover, VaR estimates via the S-ARCD
offer superior out-of-sample performance compared to the BEKK and ad-hoc
GARCH(1,1) models respectively implying that a practical and computationally easier
estimation of the conditional covariance approach can be obtained considering also
the time variation of the higher moments.

To the best of our knowledge that for the first time ARCD model is used for
conditional covariance estimation. On the basis of our results and the flexibility that

the S-ARCD offers, we believe that further empirical research is justified.

24



REFERENCES

Alexander, C., & Chibumba A., (1997). Multivariate Orthogonal Factor GARCH,
University of Sussex, Mimeo.

Andersen, T. G. & Bollerslev T., (1998). Answering the skeptics: yes, standard
volatility models do provide accurate forecasts, International Economic Review
39, 885-905.

Azzalini, A. & Dalla Valle, A., (1996). The multivariate skew normal distribution,
Biometrika, 83, 715-726.

Baillie, R.T., & Myers, R., (1991). Bivariate GARCH estimation of the optimal
commodity futures hedge, Journal of Applied Econometrics, 6, 109-124.

Bauwens, L., & Laurent, S., (2005). A new class of multivariate skew densities, with
application to generalized autoregressive conditional heteroscedasticity models. J.
Bus. Economic Statist. 23, 346-354.

Bollerslev, T., (1990). Modelling the coherence in short-run nominal exchange rates:
a multivariate generalized ARCH approach, Review of Economics and Statistics,
72, 1155-1180.

Bollerslev T., Engle R., & Wooldridge J., (1988). A Capital Asset Pricing Model with
Time-Varying Covariances, Journal of Political Economy, 96 (1), 116-131.

Brooks, C. & Persand G., (2003). Volatility Forecasting for Risk Management, Journal
of Forecasting 22, 1-22.

Brooks, C., Burke, S.P., & Persand, G., (2005). Autoregressive Conditional Kurtosis.
Journal of Financial Econometrics 3, 339-421.

Cecchetti, S., Cumby, R., & Figlewski S., (1988). Estimation of the optimal futures
hedge, The Review of Economics and Statistics, 70, 623-630.

Christoffersen, P., (1998). Evaluating Interval Forecasts, International Economic
Review, 39, 841-862.

De Luca G., Genton M. & Loperfido N., (2006). The Multivariate Skew GARCH model,
Advances in Econometrics: Econometric Analysis of Financial and Economic Time
Series, 20, 33-56.

Engle, R., (2002). Dynamic conditional correlation — A simple class of multivariate
GARCH models, Journal of Business and Economic Statistics, 17, 239-250.

Engle, R., & Kroner K., (1995). Multivariate simultaneous generalised ARCH,
Econometric Theory, 11, 122-150.

Engle R., Ng V., & Rothschild M., (1990b). Asset pricing with a factor-ARCH

covariance structure, Journal of Econometrics, 45 235-7.
25



Fiorentini, G., Sentana, E. & Calzolari, G., (2000). The Score of Conditionally
Heteroskedastic Dynamic Regression Models with Student T Innovations, and an
LM Test for Multivariate Normality, Papers 0007, Centro de Estudios Monetarios Y
Financieros.

French K., Schwert W., & Stambaugh R., (1987). Expected stock returns and
volatility, Journal of Financial Economics 19, 3-30.

Hafner, C., & Rombouts J., (2004). Semiparametric Multivariate Volatility Models,"
Econometric Institute Report 21, Erasmus University Rotterdam.

Hansen, B.E., (1990). Lagrange multiplier tests for parameter instability in non-linear
models, Mimeo, Department of Economics, University of Rochester.

Hansen, B.E., (1994). Autoregressive conditional density estimation, International
Economic Review, 3, 705-730.

Harris, R., Stoja, E. & Tucker, J., (2007). A Simplified Approach to Modelling the

Comovement of Asset Returns, Journal of Futures Markets, 27, 575-598.

Harvey, Campbell R., (1995). Predictable Risk and Returns in Emerging Markets,

Review of Financial Studies, 8, 773-816.

Harvey, C., Ruiz, E., & Shephard, N., (1994). Multivariate stochastic variance models,
Review of Economic Studies, 61, 247-64.

Harvey, C., & Siddique, A., (1999). Autoregressive conditional skewness. Journal of
Financial and Quantitative Analysis, 34, 465-487.

Harvey, C., & Siddique, A., (2002a). Time-varying conditional skewness and the
market risk premium. Research in Banking and Finance, 1, 25-58.

Harvey, C., & Siddique, A., (2002b). Conditional skewness in asset pricing tests.
Journal of Finance, 55, 1263-1295.

Hong, C., (1988). Options, Volatilities and the Hedge Strategy, Unpublished Ph.D.
diss., University of San Diego, Dept. of Economics.

Hull, J., & White, A., (1998). Incorporating volatility updating into the historical
simulation method for Valua at Risk, Joural of Risk, 1, 5-19.

Jondeau, E., & M. Rockinger., (2003). Conditional volatility, skewness and kurtosis:
existence, persistence and comovements, Journal of Economic Dynamics and
Control 27, 1699-1737.

Jondeau, E., & Rockinger, M., (2006). Optimal portfolio allocation under higher
moments. Journal of European Financial Management, 12, 29-55.

Kroner, K. & Ng V., (1998). Modeling asymmetric comovements of asset returns,

Review of Financial Studies, 11, 817-44.
26



Kroner F., & Sultan J., (1993). Time varying distributions and dynamic hedging with
foreign currency futures, Journal of Financial and Quantitative Analysis, 28, 535-
551.

Kupiec P., (1995). Techniques for verifying the accuracy of risk measurement
models, Journal of Derivatives, 2, 173-184.

Lee, T.H.,, & Long, X., (2005). Copula-based Multivariate GARCH Model with
Uncorrelated Dependent Errors, University of California, Riverside, working paper
series.

Myers, R., & Thompson, S., (1989). Generalized Optimal Hedge Ratio Estimation,
American Journal of Agricultural Economics 71, 858-868.

Nyblom, J., (1989). Testing the constancy of parameters over time, Journal of the
American Statistical Association 84, 223-230.

Rombouts,]., & Verbeek, M., (2005). Evaluating Portfolio Value-at-Risk using Semi-
Parametric GARCH Models, Computing in Economics and Finance, 40, Society for
Computational Economics.

Sahu, S. K., Dey, D. K. & Branco, M. D., (2003). A new class of multivariate skew
distributions with applications to Bayesian regression models. Canadian Journal of
Statistics, 31, 129-150.

Tse, Y.K. & Tsui K.C., (2002). A Multivariate Generalized Autoregressive Conditional
Heteroscedasticity model with time-varying correlations, Journal of Business and
Economic Statistics, 20, 351-362.

Wang, M., & Yao, Q., (2005). Modeling multivariate volatilities: an ad hoc approach,
to appear in “Contemporary Multivariate Analysis and Experimental Designs” J.
Fan, G. Li& R. Li (edit.) World Scientific, Singapore.

Yan, J., (2005). Asymmetry, fat-tail, and autoregressive conditional density in
financial return data with systems of frequency curves. University of Iowa,

working paper.

27



