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1. Introduction

Understanding the relationship between correlations and volatilities is crucial for risk
management and optimal portfolio allocation strategies. Correlations that increase in volatile
periods reduce the power of portfolio diversification when it is needed most. This paper extends
the multivariate Dynamic Conditional Correlation (DCC) model of Engle (2002) and its
generalization by Cappiello, Engle and Sheppard (2006) to investigate the dynamic relationship
between the correlations and the volatilities of the underlying assets. In particular, we examine
whether high volatility values of the assets, implied by the model, are associated with an increase
in their correlation values. We could interpret the resulting specification as asymmetric in the
level of volatility.

The early studies on the relationship of correlations and volatilities in international markets have
often relied on the analysis of these measures computed over different sub-periods of the data
sample. In particular, a range of studies focused on the comparison of the correlation coefficients
during stable and volatile market periods (e.g., Bertero and Mayer 1990, King and Wadhwani
1990, Lee and Kim 1993, Erb et al. 1994, Calvo and Reinhart 1996). These papers present
evidence that international correlations increase significantly in turbulent times.

Stambaugh (1995), Boyer et al. (1999) and Forbes and Rigobon (2002) show that tests of
changing correlations based on correlation coefficients conditional on different levels of one or
both return variables are biased due to heteroskedasticity of financial return series. A range of
papers take into account the heteroskedasticity property of financial time series when testing for
changing correlations in varying volatility regimes. Longin and Solnik (1995) and Ramchard and
Susmel (1998) are examples of studies doing this in the framework of multivariate ARCH-type

models.



Longin and Solnik (1995) test the hypothesis of higher correlation during volatile periods, using a
bivariate Constant Conditional Correlation (CCC) GARCH model (Bollerslev, 1990) as a base
specification. The authors allow the estimated correlation value for the turbulent market periods
to differ from the constant correlation coefficient for the rest of the sample by introducing a
threshold on the contemporaneous value of the volatility. Differently, Ramchard and Susmel
(1998) propose a bivariate SWARCH model that makes correlations a function of variance
regimes, with different correlations for periods of high and low volatility. While in Longin and
Solnik the correlations depend on an exogenous volatility threshold (the unconditional variance
of the process), in Ramchard and Susmel the volatility regime is endogenously determined within
the model. Note that in both Longin and Solnik (1995) and Ramchard and Susmel (1998) the
correlations are assumed to be constant within high and low volatility states. Both studies find
that market correlations rise when the conditional volatilities are high. Edwards and Susmel
(2001) present an analysis of the international stock market co-movements studying the co-
dependence of volatility regimes'. They also use a bivariate SWARCH model with the purpose of
investigating whether periods of high volatility are correlated across countries, and present
empirical evidence that confirms this hypothesis.

In this paper we propose a generalization of the approach of Longin and Solnik (1995) in two
directions: first, we model correlations in a dynamic way following the growing literature started
by Engle (2002) with the Dynamic Conditional Correlation model and then generalized by
Cappiello et al. (2006); second, taking advantage of the dynamic behavior of correlations, we

explicitly include in the model the volatility thresholds.

! An alternative approach to the examination of this type of asymmetric codependence structure of asset returns is
proposed in Longin and Solnik (2001). The paper uses the extreme value theory to model the asymptotic distribution
of multivariate tail correlation, and shows that conditional correlations in the international markets increase in
volatile bear markets, but not in bull markets. Further evidence that the correlations of international markets increase
conditional on large negative returns, is presented, for example, in Karolyi and Stulz (1996), Solnik et al. (1996), De
Santis and Gerard (1997), Ang and Bekaert (2002), Bae, Karolyi and Stulz (2003), Das and Uppal (2004), and
Bekaert, Harvey and Ng (2005).



To demonstrate the practical relevance of our model we employ a sample of national stock
indices from markets heterogeneous in the levels of their development and integration into
international securities markets. While there is a considerable body of research investigating the
Asian and Latin American emerging stock markets, the transition markets of Central and Eastern
Europe (CEE) have seen much less attention so far. Our sample includes stock indices from the
major developed markets as well as three largest transition stock markets of Central Europe:
Hungary, Poland and the Czech Republic.

The empirical evidence indicates that the response of the transition markets to global market
events is not always similar to that of the developed markets. The results of the application of the
extended DCC specifications to our sample delivers strong evidence that the turbulent periods are
associated with an increase in the correlations among the developed markets. For the cross-
correlations of the transition markets (in particular of the Hungarian and the Czech markets)
among each other and with the developed markets, however, this pattern is by far not as
pronounced. The Polish market, on the other hand, in many respects behaves similar to the
developed markets. Furthermore, we document that for the developed markets the observed
increase in correlations associated with the extreme volatility is more evident for the negative
innovations, and is less pronounced for the positive innovations. Thus, our results in general
support the findings in Longin and Solnik (2001), among others, that correlations tend to increase
in volatile bear markets, but not in bull markets. The identification of market pairs the
correlations of which do not increase in volatile periods has potential implications for leveraging
the benefits of international portfolio diversification. The investigation of these implications itself
is, however, outside the scope of this paper.

We proceed as follows: Section 2 presents our modeling strategy evidencing the differences with
respect to the actual approaches, while Section 3 presents the dataset used in the empirical

analysis of Section 4; Section 5 concludes.



2. VT-DCC: Volatility Threshold Dynamic Conditional Correlations Models

The main innovation of this paper is represented by the introduction of a new class of Dynamic
Conditional Correlation models that generalize the original contributions of Engle (2002) and
Cappiello et al. (2006). We named the models belonging to this class as Volatility Threshold
Dynamic Conditional Correlations models (with a VT- prefix henceforth), given that the
correlation dynamic partially depends on variance values through a threshold structure. We first
present the basic Variance Threshold generalization of the DCC model of Engle (2002) and in a
following section, the additional representations we propose.

Consider an n -variate conditional process &, with zero mean and covariance matrix H, , which is

identically distributed following an unspecified density D(.):

& ‘ Ft—l ~ D(O’Ht) (1)

where F,_, denotes the conditioning information set including the information up to time t-1. The

vector &, may represent either a zero mean returns vector or the residuals vector of a return mean

model. The VT-DCC model has the following representation. We define the conditional

covariance matrix with the usual decomposition as
H, =DRD, )

where D, is a diagonal matrix of conditional volatilities

D, = diag {\/E} G



and R, = { pij’t} represents the time-varying conditional correlation matrix. Furthermore, denote

by 7, the variance standardized residuals
= Dtilgt (4)

in addition, note that they are correlated and with a unit variance. Following Bollerslev (1990),

Engle (2002) and the several contributions generalizing their models, the conditional variance h;

could follow any univariate GARCH model. There are no reasons for requiring the use of a
specific representation for all conditional variances, which can be specified on a series-specific

case. Furthermore, note that R corresponds to the conditional covariance matrix of the variance
standardized residuals 7, and if it is assumed to be time invariant the model collapses on the

Constant Conditional Correlation model of Bollerslev (1990). The VT-DCC model specifies the

dynamics of the correlation matrix as follows:

R, = (diag(Q,)) *Q,(diag(Q,)) * 5)
QtZ(l—a—ﬂ)§+a(77t77t’)+,5QH+7/(Vt—\7) (6)

where o, B and y are scalar coefficients, R is the unconditional correlation matrix of 7,,
R= E[?]tnt'} V, is a dummy variable matrix related to the volatility threshold structure,

V=E [V,] and E[[] denotes an unconditional expectation.
The dummy variable matrix V, has the following structure:

it

VI TV L ne>d({h)r) or > d(fn)7 ) -
otherwise



where d ({hi,t }tT 1) is a given threshold for the conditional variances of variable i, determined

using the entire conditional variance series {hLt }tTl (and similarly for {hj,t};). A following

section will extensively discuss the definition of thresholds and their possible generalizations. At

this stage, we only evidence that the V, dummy matrix may be created using an ‘and’ condition

instead of an ‘or’ condition, as follows:

1 if h, >d({hi,t}:_1) and h;, >d({hi»t}:_1)

0 otherwise

Vt:[vij,t} Vije = (8)

Note that the VT-DCC model collapses on the DCC model of Engle (2002) if the y coefficient is
zero. In order to avoid explosive patterns in the dynamic of Q, we impose that o+ f<1.

Furthermore, unconditionally, the expectation of Q, is still equal to the unconditional correlation

matrix R, implying that the VT-DCC model is subject to the unconditional correlation targeting
constraint. This fact allows interpreting the VT-DCC model as a correlation model similarly to

the DCC model of Engle (2002).

Given the quadratic structure in (5), R, is guaranteed to be positive definite if Q, is positive

definite. Differently from the DCC model of Engle (2002), the choice of a suitable starting point

Q, 1s not sufficient to guarantee the positive definiteness if the dummy matrix is defined as in

(7). In this case, we must impose the positive definiteness in the estimation step of the model. If

the V, matrix follows (8) it will be positive semi-definite by construction and thus the choice of

an appropriate Q, value guarantees the positive definiteness of Q, (given that it will be the sum



of positive definite matrices, Q,, and R, and positive semi-definite matrices, V,, V and

(mm'))-

The VT-DCC model could be used in several financial areas. The varying relationship between
volatility and correlation values of the different asset pairs in the portfolio, if present but ignored,
could have serious consequences for portfolio hedging effectiveness. In particular, we may
overstate the value of portfolio diversification if we do not account for the increase in co-
movement of asset prices in the periods of high volatility, and, in particular, high downside
volatility. The extension of the DCC model we propose tests the hypothesis whether high
volatility values of the underlying assets are associated with an increase in their correlation
values. An investor rearranging his portfolio would appreciate the possibility of identifying assets
for which this association is relatively weak. In particular, other things being equal, one could
consider such assets as potentially attractive targets for portfolio diversification.

Furthermore, the VT-DCC model could be useful in the contagion literature given that it will
enable the distinction of correlation movements associated with volatility spillover effects from
the changes in the correlation levels associated with pure contagion events. In fact, once the
correlation dynamic has been estimated, we could filter out the effects of the volatility threshold
component and analyze the remaining patterns in order to highlight jumps in the correlations that

we could associate to contagion.

2.1 Model extensions

A drawback of the VT-DCC dynamic specified in (6) is that all the elements of the conditional
correlation matrix are restricted to have the same behavior. One strand of the DCC-related

literature has proposed extensions of the DCC model with richer dynamic, see Franses and

8



Hafner (2003) and Billio et al. (2006), among others. Cappiello et al. (2006) that propose a
BEKK*-type generalization of the model have followed a second possible approach. In the
Generalized DCC (GDCC) model of Cappiello et al. (2006), the following equation drives the

correlation dynamic:

Qt = ((j - AQA'_ BGB )+ A(77t7177t'71)A'+ BQt—lB' )]

where A and B are nxn diagonal matrices’. As a result, the dynamics of the individual

elements of the matrix Q, is specified as follows:

Qi = (l_aiaj _:Bi:Bj )G., TGO T +ﬂiﬂjqij,t—l (10)

Although this generalized model adds flexibility to Engle’s specification, the number of
parameters to be estimated increases considerably, but remains feasible (it is linear in the number
of correlations, which is, however, quadratic in the number of assets)”.

Within a Volatility Threshold framework, the approach of Cappiello et al. (2006) allows for the
introduction of individual series specific volatility impact parameters. We propose the following

extension of the GDCC models in (9) introducing a ‘diagonal’ Volatility Threshold component:

Qt = (6 - AQA'_ BGB '— F\7F ') + A(ﬂt—lﬂt‘—l )A"" BQt—l B'+ FVtF' (1 1)

where V = E[Vt] ,and A, B and I' are nxn diagonal matrices. Now, a sufficient condition

ensuring the positive definiteness of the covariance matrix Q, is that (Q- AQA'-BQB'-TVTI")

? The BEKK multivariate GARCH model was firstly proposed by Engle and Kroner (1995).

3 The most general model representation includes full parameter matrices, but this will raise the well know course of
dimensionality.

* The Asymmetric Generalized DCC in Cappiello et al. (2006) includes an additional component accounting for the
asymmetric impact of the past negative shocks on the correlation process.

9



is positive definite’ if V, is created as in equation (8), while if V, follows (7) the positive
definiteness of Q, must be imposed in the estimation step.

Within the VT-GDCC specification, we specify the dynamics of the individual elements of Q, as:

Ui =(A—aa; = BB + it M1+ BB + 717 (Vij,t _vij) (12)

where we separately evidence the volatility threshold component. In the empirical applications,
the VT-GDCC model allows for identification of heterogeneity in the response of the markets to,
say, high volatility, given the introduction of different coefficients in the diagonal of matrix I".
On the other hand, a restriction on the GARCH dynamics of the conditional correlations in some
cases could be well justifiable, leading to a more parsimonious specification and/or making the
model estimation feasible also in large dimensions.® As an example, we may impose that A and B
diagonal elements are identical, or similarly we may transform the matrices into scalars, given
that we are modeling a set of integrated financial markets with common correlation dynamic,
because they react in a similar way to the shocks. Introducing the restrictions on the GARCH
correlation dynamic in (11) (that is, imposing the diagonal elements of the matrices A and B to be
identical), but maintaining the heterogeneity in the volatility threshold component, lead to the

following correlation specific dynamic behavior:

Qi = (1-a? _ﬂz)qij +a277i,t—177j,t—1 +ﬂ2qij,t—l +7i7; (Vij,t _Vij) (13)

In the following, we refer to the specification in (6) as the Volatility Threshold DCC (VT-DCC),

the one in (11)-(12) as the Volatility Threshold GDCC (VT-GDCC), and to the specification in

> The sufficient condition is generally imposed in the optimization routines.

® As shown in Engle and Sheppard (2001), the scalar DCC model leads to sub-optimal portfolio selection in case of
many assets (like 20 or 30) as it assumes the same GARCH-type dynamics for all the asset-specific conditional
correlations. This assumption becomes, however, increasingly more likely to be satisfied in case of small number of
assets.
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(11)-(13) as the restricted VT-GDCC. In the generalized versions of the model the products of the

coefficients, y,7;, measure the sensitivity of the correlations between markets i and j to the

levels of volatility in the underlying markets. Therefore, they are of direct interest in the
investigation of the relation between correlation and volatility. We suggest directly testing the
significance of these products rather than simply analyzing the individual y; coefficients.

Note that, in general, we can add the VT- component to different dynamic correlation
specifications proposed in the literature, creating, as we suggested, a new model class. Among the
possible interesting specifications to be investigated in future contributions, we mention the
works of Tse and Tsui (2002) and of Pelletier (2006). In particular, the joint use of the Volatility
Threshold structure and the Markov switching dynamics may provide useful tools for the
contagion analysis.

A further generalization of the VT-DCC models refers to the relation between the Volatility

Threshold component and the matrix Q,. In the previous dynamic equations, we have always
assumed that the VT effect is contemporaneous to the correlation matrix, Q, = f (V,). We can
generalize this relation allowing for lagged effects, Q, = f(V,,V, ...V, «), where K is the

maximum lag. Note that by increasing the lags of V, we may largely increase the parameter set.

For this reason, we suggest the inclusion of lagged effects only in the VT-DCC models in (6) and
in the restricted VT-GDCC of equation (13). Positive definiteness of the correlation matrix is

achieved as in the cases without lags in the dummy variable matrix V,. We discuss in the

following section the model extensions related to the thresholds definition and to the thresholds

structure.

2.2 Volatility thresholds

11



The Volatility Threshold model inherits its name from the presence of a threshold-based
component affecting the correlation dynamic. We previously introduced the different model
representations simply stating that the thresholds are functions of the conditional variance series.
We now present alternative approaches that could be followed for the definition of the thresholds.
The first method defines thresholds as fractiles of the conditional variance series. In this case, we
may define the thresholds given an estimate of the conditional variances and we may choose to

fix for each h;, series a threshold that identifies conditional variances in the upper k-th% of the
empirical density of h, . However, this approach may raise a problem since the thresholds will be

series specific, and the magnitude of the thresholds between countries may vary. A different
approach is to provide thresholds based on fractiles but determined on standardized conditional

variance sequences as follows:

. . .. . 1<

1) compute the mean and the variances of each conditional variance sequence v, =?z hi,
t=1

, 1< 2 . .. :

T; :?Z(hm —Ui) , and compute the standardized conditional variance sequences

t=1
h -1
hltz(hi,t UI)TI b

ii) compute the d threshold on a common basis as fractiles of the density of the entire set of

n
=1’

standardized conditional variances {ﬁ, . }
|

iii) then get back to the specific thresholds d, =dz, +uv, .

With this alternative approach, the thresholds are determined on a common basis, taking into
account possible differences in terms of magnitude and dispersion of the conditional variance
sequences. Both strategies propose thresholds based on fractiles in order to ensure the existence

of a minimum number of threshold events. Note that the choice of the preferred fractile could be

12



done by some calibration exercises. Finally, we evidence that the general approach we propose is
close to the methods of Tong (1983).

In the empirical application, we will present a comparison of the two alternative ways for the
threshold definition. A rather different method, which is not included in the present paper, is the
endogenous estimation of the thresholds. We may define the series i threshold as an additional
parameter to be estimated. In this last case, the model would require more computational

intensive estimation methods.

We could further generalize the VT-DCC models by modifying the threshold component. In fact,
we could consider the introduction of multiple thresholds in order to capture the possible changes
in correlations associated with different changes in the variance levels. In fact, we may
distinguish between correlation effects associated with moderate jumps in the volatilities and
correlation movements due to severe volatility changes. In this case, if we introduce L thresholds,

we may restate the VT component of the VT-DCC model in (8) as follows:
yM=V) > 2 (Vi-vi) (14)

where V =E[V,, |,

| if d, ({hi,t }tT:l)<hi,t <d., ({hi,t }tT:l)
Vt:[vij,t} Viie = or d, ({hj)t }:_1)<hj,t <d,, ({hj,t }:_1)- (15)

0 otherwise

13



t=1 t=1

in addition d, ({hi,I }T )< d, ({hi)t}T )< .<d, ({hm};). Note that when | =L the conditions are

one sided only (d, ({hi’t }Ll) <h or dL({hj’t }tT_l)< h;,). Continuing our previous example, the

introduction of two-sided conditions allows separating the effect of a moderate volatility increase
on correlations from the effect of a severe increase. In fact, the correlation effect of a variance

change between thresholds | and |1+1 is completely associated with coefficient y, and a direct

significance test is available. Differently, we could define the dummy variable matrices as

follows:

. T T
VI,tZI:VI,ij’t:I Vl,ij’t _ 1 if dl ({hi,t }tzl ) < :]t Or- d| ({hj,t }t—l) < hj,t (16)
otherwise

where the one-sided ‘if’ condition is used. In this second hypothesis, we can interpret the

coefficient y, as an incremental correlation effect coming from variances above threshold | with

respect to the effect coming from variance above the threshold I-1 (because variances above | are
also above I-1). The previous generalizations of the VT component were all presented with the
‘or’ condition. They can be adapted for the inclusion of the ‘and’ condition as in equation (8).
The main difference between the two approaches (‘or’ against ‘and’ condition) is in the constraint
needed for ensuring the positive definiteness of the correlation matrix: the ‘or’ condition requires

a direct imposition or check of positive definiteness of Q, in the estimation step; differently, the

‘and’ condition requires either a constraint on the parameters in VT-GDCC model or the choice
of a suitable starting point in the VT-DCC model.

As emphasized in the introduction to this paper, a range of studies have identified that the
correlations between assets increase for downside moves, especially for extreme downside

moves, rather than for upside moves. Below we propose a further modification of the VT

14



component that considers the case of “extreme” volatility associated with bear markets.” In the
framework of the DCC model, we could define this, for example, as the case when the fitted
volatility for the period t exceeds the pre-specified threshold and at the same time the observed
return at time t—1 is negative (which is equivalent to the corresponding standardized residual
being negative). To integrate this feature into our specification, we may redefine the dummy

variables matrix, V,, as follows:

L [hi,t >d({hi,t};) and ai,t1<oj or (hj,t >d({hj’t};) and gm<oj -

0 otherwise

Equation (17) conditions the VT effect only to the existence of a negative return, however it does
not help in the distinction of this negative innovation effect from the existence of a baseline VT-
effect (or from the relevance of a VT effect associated with positive shocks). We could generalize

the approach by allowing for the presence of two V, -like matrices: the first defined as in equation

(17), while the second with a similar structure but conditioning the VT effect to a positive
innovation. Similarly, we may include both (7) and (17) in a single model, where the coefficients
associated with (7) could be interpreted as a baseline VT effect while the coefficients related to
(17) capture the asymmetric behavior associated with negative shocks. We refer to the
specifications in (6) and (11), with two V, -like matrices (defined as in (17) or as in (7) and (17))
as the Volatility Threshold Asymmetric DCC (VT-ADCC) and the Volatility Threshold
Asymmetric GDCC (VT-AGDCC), respectively.

All the models described in this section could be modified in such a way that the correlation

values are conditioned on the observed past return series only (but not on the fitted volatility

7 In this context, see CES (2006), who provide an extension of the GDCC model in (7), the Asymmetric Generalized

DCC, to account for the asymmetric impact of the sign of the past innovations on the current correlation values.
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values). In this further case, we could have defined the matrix V, in order to condition the

correlation values on the past returns or squared returns exceeding a pre-specified threshold. Note

that if we define the V, matrices using squared returns we may also add an asymmetric effect as

in the VT-ADCC and VT-AGDCC specifications. The discussion on the ‘or’ and ‘and’ conditions
and on the positive definiteness of the correlation matrix previously presented directly extend to

these further generalizations of the VT-DCC and VT-GDCC models.

2.3 Model estimation

Dynamic conditional correlation multivariate GARCH models generally allow for two-stage
estimation. Specifically, we can write the likelihood function of the DCC models as a sum of a
volatility part and a correlation part. We can express the quasi-normal likelihood of (1) as
follows:
.
L(6)=
-

I 1
L z—EZ(ln|Ht|+gth e, )
t=1

1T (18)
_ _EZ(ln| DRD|+¢ D;IR;ID;Igt')

t=1

where 6 denotes the entire parameter set (it includes both the variance and the correlation

parameters). We may rewrite (18) using the following decomposition of the time t log-likelihood:

In|DRD,|+&D;'R'D; e, =2In|D,|+In|R |+£D, 'R 'D; e,
~(2In|D+ D% )+ (In|R |+ n R - 5D ) (19)

= Ll,t + L2,t

16



and we obtain the final representation of the Quasi Log-Likelihood:
T 1 T
L(6)=>L, z—EZ(LMJrLM): L (¢)+L,(0) (20)

where ¢ is a subset of &, including only the coefficients entering in the variance equations.
Following Engle (2002), we can determine the estimates of volatility parameters by maximizing

L, in (20). Note that this first stage log-likelithood is simply the sum of the individual series

volatility log-likelihoods. Given the standardized residuals and the parameter estimates from the
first stage of estimation, we obtain the correlation parameters by maximizing the second-stage

log-likelihood L,. This second step will require the estimate of a subset of € including only

correlation parameters.

In our case, the second stage likelihood will have parameters and correlation dynamic depending
on the first stage parameters both via the first stage standardized residuals and through the first
stage estimated conditional variances. However, as in Engle (2002), the parameters of the
volatility models are determined exclusively in the first step. Therefore, we could consider the
fitted volatility series as given for the second step of the estimation, focusing on correlation
specific parameters.

Furthermore, as we evidenced in the previous section, we may relate the researcher’s interest to
functions of parameters, like the product of the volatility-threshold coefficients. In this case, the
coefficient function values will be determined using the estimation outputs while the standard

errors will be evaluated using the delta method.
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3. Data Description

The empirical part of this paper concentrates on the investigation of the time-varying correlations
between some of the largest European, the major transition CEE and the United States financial
markets. As we previously mentioned, Hungary, Poland and the Czech Republic represent the
largest capital markets in the CEE area.

We develop the analysis on the log-returns of the blue-chip indices of the considered group of
markets. The stock market indices are CAC 40 (for France), DAX 30 (for Germany), FTSE 100
(for the U.K.), S&P 500 (for the U.S.), BUX 30 (for Hungary), WGI 20 (for Poland), and the PX
50 (for the Czech Republic).. We collected all the indices at weekly frequency and expressed
them in Euro. The sample spans the period from January 1995 to July 2007, constituting 655
weekly return observations. The use of weekly data is preferred because of the existence of
market frictions, in particular for transition economies, and because of the different trading hours
within European countries and between Europe and the US. Furthermore, we run all analysis in a
common currency in order to include all effects going through the exchange rate channel. In fact,
by using a common currency, the returns on a given market are equal to the sum of the local
currency stock market return and of the exchange rate return with respect to the common
currency. The choice of the Euro is arbitrary; results in US dollars are similar. An extensive
analysis of the information transmission mechanism that allow separating the effects of exchange
rates channel from that of the pure stock exchanges channel is beyond the scope of the current

paper and is left for future researches.

[INSERT TABLE 1 ABOUT HERE]

Table 1 presents some descriptive statistics of log returns of the seven stock market indices
considered. All series show the typical non-normality of financial time series. They are
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negatively skewed and display excess kurtosis. The Ljung-Box statistics suggest serial
autocorrelation in the returns of most indices (with exception of German DAX). The squared
returns of all series are highly autocorrelated; we can consider it as evidence of ARCH effects in
the residual series. This unconditional analysis does not evidence any specific difference between
developed and transition markets, apart a larger standard deviation of the latter, a somewhat

expected result.

[INSERT TABLE 2 ABOUT HERE]

Table 2 shows unconditional correlations of the return series. The highest correlations are
between the three developed European markets, CAC 40 and DAX 30 (0.88), CAC 40 and FTSE
100 (0.80), and DAX 30 and FTSE 100 (0.77). These are followed by the correlation between
S&P 500 and FTSE 100 (0.74), S&P 500 and DAX 30 (0.71), and S&P 500 and CAC 40 (0.71).
The correlations within the transition markets range from 0.4648 for the Polish and Czech indices
to 0.5747 for the Hungarian and Polish indices. It is interesting to note that the correlations
among the transition markets are higher than the correlation of these markets with the developed
markets.

In order to model the mean correlation and the possible relation between markets we specify a
VAR-type structure for the weekly indices returns. Our mean model also includes a number of
additional explanatory variables, which have been useful to predict asset returns, see the works by
Ait-Sahalia and Brandt (2001) and Pesaran and Timmerman (1995, 2000). The variables we
include are: (i) the short term interest rates for the European market, measured by the German 3
month money rate for the period from January 1995 through December 1998, and the Euro
Interbank Offered Rate (ERIBOR) for the rest of the sample®; (ii) the short term U.S. interest

rates, measured by the 3 month U.S. treasury bill rate; (iii) the long term European interest rates,

¥ The Euro was introduced on the 1% of January 1999.
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measured by the German 10 year government bond yield; (iv) the long term U.S. interest rates
measured by the U.S. 10 year government bond yield; finally, (v) the OPEC oil price. We
consider the weekly difference for the interest rates while we used log-returns for the OPEC oil
price.

We do not include a world stock market index among the explanatory variables for a number of
reasons. First, the inclusion of a world index requires additional discussions on the interpretation
of its coefficients within a CAPM-like framework, in particular because we use some indices
related to the top segment of the markets and not broad market indices. Despite the relevance of
the topic (see Engle and Rangel, 2007, for an example), it does not represent the focus of our
contribution, which is the study of heterogeneous impact of variances on correlation between
transition and developed markets. Furthermore, the introduction of a world index may generate
some doubts on the estimation approach that should be adopted, given the possible correlation
between the world index and the residuals of the national indices equations, and on the existence
of additional common factors. Engle and Rangel (2007) present some interesting observations on

these aspects, evidencing the need for a specific treatment.

V. Empirical Results

In order to capture the lagged dependence structure in the returns of the analyzed data series, we

specify the mean dynamics as a VAR model:
|:Xt:|:|:zux:|+|:¢xx(|-) ¢xz(L)j||:xt:|+|:gx,t:| (21)
Zt :uZ ¢zx ( L) ¢zz ( L) Zt 8Z,t
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where X, is the set of stock market returns and Z, is the set of additional economic and financial

variables described in the previous section. To assess whether the considered VAR specification

is adequate we perform a Granger-causality test on the matrix ¢, (L), in order to verify the null
hypothesis of no effect from the stock markets on the variables in Z,. The Wald coefficient test

indicates that the null hypothesis of non-causality is rejected. We therefore continue to use the
full VAR specification above for the mean estimation.

The residuals from the mean model are then used for modeling the volatility of the considered
stock market indices. On all seven residuals series we fit a standard GARCH(1,1) specification of
Bollerslev (1986) as well as the asymmetric generalization of Glosten et al. (1993) (the GJR(1,1)
model). We perform the choice of the volatility models based on the Schwarz Information
Criterion (SIC). Interestingly, the estimates indicate that for all seven indices the model preferred

by SIC is GARCH(1,1)’.

[INSERT TABLES 3 AND 4 ABOUT HERE]

Table 3 presents the cross-country correlations of standardized residuals, once the conditional
heteroskedasticity has been removed, while table 4 presents the correlations of the fitted volatility
series. In both cases the correlations among the developed markets are higher than the
correlations between developed and transition markets, and among the transition markets. As
expected, Tables 2 and 3 are very similar. There is, however, an important difference between the
two sets of correlations in Tables 2 and 3, compared to the correlations in Table 4. The cross-
correlations between developed and transition markets are lower in variances (Table 4) than in
the returns or residuals (Tables 2 and 3). Furthermore, the correlations among developed markets
and among transition markets are higher between variances than between returns and between

standardized residuals. While the correlations among the developed markets volatilities range

? Variance models estimated are not reported. They are available from the authors upon request.
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from 0.85 for the pair S&P 500 and DAX 30, to 0.94 for the pair CAC 40 and DAX 30, the cross-
market correlations of the developed and transition volatility series range from 0.08 for the pair
BUX 30 and S&P 500, to 0.29 for WGI 20 and FTSE100. The volatility correlations among
transition markets are relatively high: 0.47 for the pair WGI 20 and PX50, 0.65 for BUX 30 and

PX50, and 0.69 for WGI 20 and BUX 30.

[INSERT FIGURE 1 ABOUT HERE]

Figure 1 illustrates the development of the volatilities over the considered sample period. We
evidence that the volatilities of the developed markets commove, and react to significant
international events in a similar manner.'® In the case of transition markets, it is interesting to
note that while the reaction of these markets to the Asian crisis in late 1997 and to the Russian
default in August-September 1998 was very strong, other major international events like
September 11, the new economy bubble burst (stock prices reached their lowest level in October
2002), or the beginning of the military operations in Iraq in spring 2003, did not have a

pronounced effect'".

Volatility Threshold Dynamic Conditional Correlation Estimates

In section 2.2 we have presented alternative approaches we could follow for the definition of the
volatility thresholds. In the empirical application below, we consider two types of thresholds: (i)
the series specific thresholds and (ii) the common thresholds based on the standardized
conditional variances'®. Table 5 presents the specific and common volatility thresholds estimated
for the 90% and 75% fractiles of the empirical density of the conditional variances. We motivate

the choice of these two fractiles by the fact that the 90-th% fractile would capture the cases of

' For the formal analysis of the cross-country volatility comovements, particularly focusing on the periods of high
volatility, see Edwards and Susmel (2001).

" The volatility peak in June 2006 for the Czech Republic (PX) may be associated with the political elections.

12 See section 2.2. for the procedure employed for the calculation of the thresholds.
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extreme volatility in the markets, while the 75-th% fractile would involve cases of relatively high,

but not only extreme volatility.

[INSERT TABLE 5 ABOUT HERE]

The reported estimates indicate only minor deviations between the thresholds calculated on the
series specific and common basis. Therefore, for brevity, we limit our presentation below to the
series specific thresholds'>. We now turn to the estimation of the Volatility Threshold
specifications discussed in section 2. As our major interest is to explore potentially heterogeneous
impacts of high volatility on correlations of different market pairs, we concentrate on the two
extensions of the basic/restricted model in (6). We consider two cases: (i) the unrestricted series
specific GARCH correlation dynamic and series specific volatility impact parameters referred to
as the VT-GDCC model (eq. (12)), and (ii) the restricted GARCH correlation dynamic but series
specific volatility impact parameters referred to as the restricted VT-GDCC model (eq. (13)). All
correlation models are estimated with contemporaneous or lagged variance threshold effects, and
volatility thresholds defined with the ‘and’ or "or’ conditions (eq. (7) and (8)). We summarize the
range of the estimated specifications in the table below. Note that in all cases the volatility impact

parameters have not been restricted.

GARCH correlation

dynamic parameters Volatility Threshold with ““or’” condition
Specification 1 Unrestricted Contemporaneous
Specification 2 Unrestricted Lagged
Specification 3 Restricted Contemporaneous
Specification 4 Restricted Lagged

Volatility Threshold with ““and’ condition

Specification 5 Unrestricted Contemporaneous
Specification 6 Unrestricted Lagged
Specification 7 Restricted Contemporaneous
Specification 8 Restricted Lagged

' The results based on the common thresholds are qualitatively similar and are available upon request.
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Table 6 reports the estimates of Specification 1 for the 90% fractile of the conditional variances.
This specification builds on unrestricted GARCH correlation dynamic and volatility impact
parameters, a contemporaneous volatility threshold and the condition that the volatility exceeds
the threshold at least in one of the two markets in the pair (“or” condition). Significant ARCH

(o;) and GARCH ( S, 53;) effects are present in the correlation dynamic of all market pairs. It is

important to note, however, that the GARCH effects are higher for the developed market pairs
than for the pairs involving the transition markets. For pairs including only transition markets the
GARCH coefficients are close to 0.98 while pairs involving at least one transition market have
coefficients that vary between 0.81 and 0.91. This implies higher correlation persistence between
developed markets, measured by the sum of ARCH and GARCH effects. This is a somewhat
expected result, evidencing the higher stability of the correlation between developed markets.
Turning to the analysis of the effects of high volatility on the correlation levels, captured by the

parameter products y,7;, the following observations are worth noting: there is a significant

increase in the correlations among the developed markets associated with high volatility (at least
in one) of the underlying markets; for the market pairs involving the transition markets, the
volatility impact effect appears only if we consider pairs involving the Polish (WGI) market and
one developed market, while for pairs including the Hungarian (BUX) and the Czech (PX)
indices this effect is not significant at conventional levels. Thus, there is an evidence of Volatility
Thresholds effects for a number of correlations.

While Specification 1 investigates the contemporaneous relation between correlations and
volatilities in the underlying markets, Specification 2 explores whether high volatility in the
markets affects the level of their correlations with a lag. The t-statistics of the parameter products

7:7;» reported in Table 7, indicate that the significance of the lagged volatility threshold effects in

the considered sample is on average higher than that of the contemporaneous effects in Table 6.
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The estimates for this specification show that the positive effects of lagged high volatility on the
correlations of the Hungarian (BUX) market with the developed markets are marginally
significant. On the other hand, the correlations of the Czech (PX) market with the other markets
do not significantly increase following high volatility in the underlying markets. The remaining
coefficients, related to the traditional GDCC dynamic, remain close to the ones reported in Table
6. Finally, we note that in both cases, the highest coefficient values are associated with the
volatility threshold effects involving the Polish market. The correlations between a developed
market and the Polish market are more sensitive to high volatility states than the correlations
between developed markets. The comparison between Specifications 1 and 2 is however not
conclusive, there is not a clear preference for one model. We can simply evidence that the use of
a lagged VT component implies a dependence of the actual correlation on the previous period
conditional variances, which in turn depend on market innovations with a further lag. Therefore,
lagged VT effects imply a dependence on cross-market shocks with two lags. This may be in any
case of interest given that we may presume that the correlation reaction is not immediate.
Specifications 3 and 4 in table 8 restrict the GARCH correlations dynamic as presented in (13),
i.e. the diagonal elements of the parameter matrices A and B are set to be identical.
Specification 3 considers the contemporaneous and Specification 4 the lagged volatility threshold
effects. One observes some differences between the estimates of the volatility threshold
parameters of the unrestricted and the restricted GARCH dynamic models. In the restricted
specifications the significance of the volatility threshold effects for the pairs involving the
Hungarian BUX and the Czech PX is much lower (in the Czech case this effect even changes its
sign). In order to compare Specifications 1 and 2 with Specifications 3 and 4, respectively, we run
likelihood ratio tests, reported in Table 15, Panel A.

The specifications with the unrestricted dynamic are preferred. This result, as well as some

variation in the estimates related to the volatility threshold effects, emphasize that in the
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heterogeneous sample, similar to ours, allowing for the series specific GARCH correlation
dynamic is important.

Table 15, Panels A and B, reports also the likelihood ratio tests between the restricted and
unrestricted versions of other basic model specifications considered in the empirical part of this
paper. In all cases, the unrestricted version is preferred. To conserve space for the further
specifications we report the estimates of the unrestricted versions only."

We now repeat the estimation of Specifications 1 and 2, however with the volatility threshold set
at 75% fractile of the empirical density of the conditional variance series. The estimates,
presented in Tables 9 and 10, respectively, indicate that for both specifications considered, in
most cases there is no significant effect of volatility on correlations at the 75% fractile threshold
level. A few exceptions include the correlations of the Polish (WGI) with the US (SP) market,
and the UK (FTSE) with the French (CAC) market, where the correlations increase with the
volatilities in at least one of the underlying markets exceeding the 75% threshold. We may
interpret the fact that the Volatility Threshold effect appears with a threshold set at the 90%
fractile, while it almost disappears at the 75% fractile, as a relevance of very high volatility
values only. We could use higher fractiles, but the limited number of events covered by these
fractiles may create convergence problems and distortions in the inference procedures.
Specifications 5 and 6 consider the relation between the correlation and the underlying volatilities
with a condition that volatilities in both underlying markets exceed a certain threshold, the so-
called ‘and’ condition. We report the results for the 90% fractile of the conditional variance series
in Table 11 for the contemporaneous threshold (Specification 5) and in Table 12 for the lagged
threshold (Specification 6). The results for these two specifications are similar. They indicate that
for all market pairs involving the transition markets (including the Polish (WGI) market), the
periods with very high volatility in both markets are not associated with an increase in the

correlations between these markets. The t-statistics reflecting the significance of this effect range

' The estimates of the restricted versions are available upon request.
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from 0.1547 for the Hungarian (BUX) and the Czech (PX) markets pair to 0.6742 for the French
(CAC) and Polish (WGI) markets pair. On the other hand, the high volatility in both underlying
markets is associated with a significant increase in the correlations between the developed
markets. The traditional GDCC coefficients are not affected by the changes in the Volatility
Threshold component and are comparable to those reported in Tables 6 and 7.

The following set of estimates refers to Specifications 5 and 6, with the volatility threshold set at
75% level (Tables 13 and 14). For the case of the contemporaneous threshold (Specification 5),
one observes a highly significant association between high underlying volatilities and the
correlations of the Polish (WGI) market with the developed markets. The analysis of this result in
combination with the corresponding results for the 90% threshold level in Table 11 indicates that
these significant effects are generated by the volatilities in the 75% - 90% range of the empirical
density of the underlying conditional variance series. For the developed market pairs the effect of
volatility threshold on the correlations weakens at the 75% as compared to the 90% level. For the
case of the lagged threshold (Specification 6), the “Polish” effect is reduced to being now only
marginally significant, with the effects for the developed market pairs being weaker than in the
contemporaneous case as well. In both Specifications 5 and 6, for the pairs involving the
Hungarian (BUX) and the Czech (PX) markets, there is no evidence of increased correlations
associated with volatilities exceeding 75% threshold level. The other correlation parameters
(associated with the basic GDCC components) are comparable to those reported in Tables 11 and
12. We note that there is an evident difference between the VT component defined using the ‘or’
condition and that based on the ‘and’ condition. In fact, using the ‘or’ condition the VT effect
emerges at higher fractiles only (exceeding 90%), while with the ‘and’ condition it is also
observed at lower fractiles. However, with the exception of the Polish index, 90% VT effects are
associated with higher coefficients, which can be interpreted as a more evident impact on

correlations. We must emphasize that the number of observations satisfying the ‘and’ condition
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is, by construction, lower than in the case of the more flexible ‘or’ condition. It is also likely that
the ‘and’ condition, which is more stringent, may be associated with very extreme cases, where
both markets are concordant in the violation of the variance threshold. However, in general, the
empirical evidence shows that in both cases, of concordant or discordant violations, the results
are quite similar, indicating the presence of a positive VT effect. This implies that high volatility

1s associated with an increase in the correlations.

Volatility threshold and asymmetry effects

We estimate an additional group of specifications exploring the association of the VT effect with
the sign of the innovations. The purpose of these additional model specifications is to verify if the
correlation increase we evidence in case of high volatility takes place in association with negative
innovations, that is, in periods of bear markets (which we may interpret as a large negative
market correction or as the presence of a diffuse financial crisis). We estimate the Asymmetric
VT representations introducing two VT matrices, the baseline effect represented in equation (7)
and the negative asymmetric effect of equation (17). We report results in Tables 16 and 17 for the
thresholds defined at the 90% and 75% fractiles, respectively. The estimates evidence that there is
a relevant link between the existence of the Volatility Threshold effect and the occurrence of high
volatility associated with negative shocks. The effect is statistically significant for correlations
among the developed markets. For the market pairs involving the Polish market and a developed
market, this effect is significant at the 75% fractile only. Furthermore, we estimate similar
specifications including the baseline model together with the dummy matrix in (17) but with
positive innovations. In this second case, the asymmetric coefficients turn out to be lower (in
absolute values) and less significant (the number of significant coefficients decreases as well as
the overall significance), see Tables 18 and 19. These results show that our model is able to

capture the asymmetric dependence of financial return series documented in the previous
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literature, namely higher return correlations in the volatile bear than in volatile bull markets (see
footnote 1). The model, therefore, posses an important feature relevant for the implementation of
the optimal portfolio allocation and risk management decisions. However, our results are only
partial given that a complete model specification (with the inclusion of the baseline VT effect and
the two dummy matrices associated with positive and negative shocks) cannot be consistently
estimated. In fact, the larger parameter number, the overlap between the dummy matrices (which
does not create in any case an identification problem) and the existence in our dataset of market
pairs with only a small number of observed threshold violations (this is true for both positive and
negative returns, but the inclusion of both matrices worsen the problem), generate convergence
problems in the estimation algorithms. Furthermore, we must consider our results as partial with
respect to the asymmetry evidence. In our sample, for some market pairs, we observe a very
limited number of threshold violations, when the dummy variable matrix is as in (17), with the
‘and’ instead of the ‘or’ condition (i.e. high volatility states associated with negative/positive
innovations in both markets). This fact does not allow consistent estimation of the VT

coefficients.

V1. Conclusions

This paper introduces a class of Volatility Threshold Dynamic Conditional Correlation models, in
which the correlation dynamic partially depends on variance values through a threshold structure.
These models allow an analysis of the dynamic behavior of correlations between assets in the
periods of high volatility, and, therefore, present a tool, which could be applied to several areas

including optimal portfolio decisions, hedging and contagion analysis.
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The empirical application of the proposed Volatility Threshold specifications to a sample of
international stock markets comprising developed and transition markets (Hungary, Poland and
the Czech Republic) reveals heterogeneity in the relation between correlations and high volatility
values for different market pairs in the sample. For most of the considered specifications, high
underlying volatility implies an increase in the correlations among the developed markets and in
the correlations between the Polish and the developed markets. The effect of high volatility on the
correlations of the market pairs involving the Hungarian and the Czech markets is typically
insignificant. Additionally, for the market pairs involving developed markets, our model captures
the previously documented form of asymmetric dependence of financial return series, expressed
in higher return correlations associated with the volatile bear rather than the volatile bull markets.

The cross-sectional determinants of the observed heterogeneity (in the response of correlations to
high volatility values) are most likely related to factors driving the segmentation/integration of a
particular market from/into world capital markets. The study of these cross-sectional
determinants, as well as of the potential implications of our findings for international asset

allocation and portfolio construction considerations are interesting topics for future research.
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Table 1.

Descriptive statistics

SP500 DAX30  CAC40 FTSE100 BUX30  WIG20 PX50
Mean 0.0017 0.0020 0.0017 0.0014 0.0037 0.0021 0.0022
(1.5336)  (1.5619)  (1.5236)  (1.4466)  (2.2164)  (1.0877)  (1.6556)
Max 0.1289 0.1506 0.1358 0.0967 0.1989 0.1759 0.1155
Min -0.1222 -0.1978 -0.1409 -0.1279 -0.2704 -0.3005 -0.1769
St.dev. 0.0276 0.0332 0.0293 0.0248 0.0432 0.0494 0.0332
Skewness -0.1654 -0.7260 -0.5788 -0.6208 -0.7193 -0.6127 -0.5580
Kurtosis 5.1059 7.2547 7.0398 6.6250 8.0190 7.1458 5.8308
B 124.0228  551.5894  481.9758  400.6999  743.9567  510.0736  252.6942
LB(6) 19.093 10.632 15.652 14.697 29.972 18.074 19.545
LBS(6) 91.83 155.51 187.81 57.718 165.46 58.869 200.15

Stock market indices descriptive analysis for developer markets and transition markets (BUX30, Hungary —
WIG20, Poland — PX50 Czech Republic): below the mean we report t-statistics for the null hypothesis of the mean

to be equal to zero. JB is the Jarque-Bera test statistic, distributed as a ;(22 ; LB(6) and LBS(6) are Ljung-Box test
statistics with 6 lags for return levels and return squares, respectively, distributed as a ;(62 . The upper 1 and 5
percentile points of the /{22 distribution are 9.21 and 5.99, respectively. The upper 1 and 5 percentile points of the

)(62 distribution are 16.81 and 12.59, respectively.
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Table 2.

The cross-correlations of stock market returns

SP500 DAX30 CAC40 FTSE100 BUX30 WIG20 PX50
SP500 1
DAX30 0.7144 1
CAC40 0.7112 0.8747 1
FTSE100 0.7411 0.7657 0.7945 1
BUX30 0.4184 0.4360 0.4174 0.4660 1
WIG20 0.4133 0.4631 0.4535 0.4201 0.5747 1
PX50 0.2853 0.3875 0.3918 0.3900 0.5396 0.4648 1

Table 3.
The cross-market correlations of the standardized residuals

SP500 DAX30 CAC40 FTSE100 BUX30 WIG20 PX50
SP500 1
DAX30 0.6823 1
CAC40 0.6806 0.8500 1
FTSE100 0.7221 0.7436 0.7580 1
BUX30 0.4112 0.4519 0.4347 0.4706 1
WIG20 0.4043 0.4738 0.4902 0.4357 0.5644 1
PX50 0.2841 0.3759 0.3828 0.3891 0.5136 0.4483 1

Table 4.
The cross-market correlations of the GARCH volatility

SP500 DAX30 CAC40 FTSE100 BUX30 WIG20 PX50
SP500 1
DAX30 0.8466 1
CAC40 0.8864 0.9395 1
FTSE100 0.8985 0.8898 0.9126 1
BUX30 0.0763 0.1539 0.1310 0.2426 1
WIG20 0.1906 0.1195 0.1526 0.2869 0.6916 1
PX50 0.2049 0.2370 0.1974 0.2712 0.6460 0.4719 1
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Figure 1.

GARCH standardized volatility
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Table 5.

Volatility thresholds

BUX30 PX50 WGI20 S&P500 CAC40 DAX30 FTSEI00

Series specific thresholds
75% 0.00163 0.00106 0.00239 0.00086 0.00086  0.00109  0.00070
90% 0.00235 0.00148 0.00326 0.00104 0.00136  0.00198  0.00100

Common thresholds
75% 0.00185 0.00113 0.00250 0.00078 0.00087  0.00113  0.00062
90% 0.00265 0.00161 0.00356 0.00111 0.00124  0.00160  0.00088
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Table 6

Specification 1:
Ui = A—aa; = BB — vy Vi + it 10+ BiBiGica + 77 Vi
. T T
L Jritn>d({a] ) or hy, >d({hj,t}t=1); .

ij.t —
0 otherwise

Coef  t-stat Coef t-stat Coef t-stat
@y 0.0109 14345 S5, 08110 87097 Jplew 00132 1.0030
OOy 00142 1.8940 S Bo 08510 15.6992 ViV 0.0196 11710
Ay 0.0060 22535 BB, 09182 19.5640 Vg Vpyx  0.0131 1.5518
gl 0.0100 23328 S fow 09191 195302 ¥ louwx  0.0092 14974
oy oy 0.0096 22287 S B 09194 19.5278 ¥y Vo 0.0076  1.4679
ey 0.0073 22963 BroeBoux 09180  19.6259 Vpeelpux  0.0121 1.5869
Qi@ 00251 2.0478 BBy 08032 97637 Jyu¥px 00268 12448
Ay 00107 21251 By 08666 105734  7o,7, 00180  1.4139
Ay, 00178 22997 S B 08675 10.5480 Vol 0.0126 13617
o 00170 22733 B B, 08678 10.5702 Yyl 0.0105 1.3900

00129 2.1543 BBy 08665 10.5322 Yyl 0.0167 1.3424

A Oy 00138 29835 BB 09094 307645 | VVwg  0.0266  2.2033
Qg 0.0231 37710 BeacPugi 09103 312494 | VoV 0.0187  2.1018
Qo Pgi 0.0221 34971 Sy Bogi 09106 311137 | VoV 00155 2.1222
O eOygi 0.0167 33245 PPy 09092 313356 | VooV 0.0246  2.6873
Qeagy 0.0098 39722 S fy, 09821 158.1430 | Vepelsp 00125 2.6719
APy 00094 3.6110 Sy By, 09824 1434225 | V4n Vs 0.0104 26171
o 00071 3.0375 BBy, 09810 127.7777| Visels, 0.0165 27267
e 0.0156 5.6871 Sy Beac 09834 262.6808 | VymVeae 00073 2.4556
AeOeae 0.0118 48034 B Brac 09819 2417162 | ¥V qeeVeae 00116  2.9984

aﬂsea

adax a

A eiax 00113 44443 SroSPiax 09822 209.0443 | ¥poVoax  0.0096  2.8735

LL -4946.410

Estimated coefficients, t-statistics and log-likelihood for the VT-DCC model above specified. T-statistics of
the parameter functions are calculated using the delta method.

38



Table 7.

Specification 2:
Ui =A—aa; = BT — 7y Vi + it M0+ BiBiGica + 77 Vi
. T T
L Jritn>d({a] ) or hy, >d({hj,t}t=1); .

ij.t
0 otherwise

Coef  t-stat Coef t-stat Coef t-stat
Xl 00112 14927 PoPox 08117 87121 Vol 00133 1.0300
Uagi®ix 00166 2.0523 PuiPoux 08332 148548 Ywgiloux 00305 14435
A 00059 22979 PP 09136 184626 TsPow 00136 17823

QoacPoux 00105 2.5249 PeacPosx 09099 184019 YeacVoux  0.0097 1.7490
Qaax@uix 0.0101 2.4065 BPoaxPoux 09111  18.3940 YaaxPoux  0.0088 1.6984

DisePoux  0.0075 2.4801 7fse?bux 09103  18.4492 Vseloux  0.0134  1.8123
Uagi@pc 00266 2.0927 PuiPoc 08028 99518 Ywiloe 00302 12367
Ay 00095 20948 PP 08803 110201 Yo¥mx 00135  1.3785
Ueacpx 00169 23420 PeacPix 08767 110008 Vel 00097 13576

<

D@ 00161 23050 PaaPox 08779 110167 Vel 0.0087 1.3720
o 00120 21874 PP 08771 109977 ViV 0.0133 1.3483

APugi 00141 28800 DPoPui 09035 302348 | "»%ws 00310 27079
Ucaclugi 00251 40580 DeacPugi 08999  30.0752 | Yeaclwsi 00222 2.5863
UgoPugi 00240 37554 PaxPugi 09011 300227 | Youusi 00201 25482
Uiseag 00178 35916 DPrePasi 09003  30.1364 | VisePugi 00306 3.1242
Ueacsp 00089 35462 PeacPp 09867 205.0052| Yeaclsp 00099  3.1231
U4 00085 3.0969 PP 09881 1940280 | Yol 00090  3.0522
Uil 00063 2.8146 DPrePp 09871 1804744 | Vel 00136 3.1817
iolac 00152 5.6528 PiwBac 09841 2726420 | YaaVeac  0.0064 2.6880

XtsePeac 0.0113 4.9758 Pse Peac 0.9831 270.2640 | Vfsecac  0.0098 3.2647

Xtise%dax 00108 4.6039 Pse P 0.9845 2504771 | Vnse?dax  0.0089 3.0567

LL -4946.070

Estimated coefficients, t-statistics and log-likelihood for the VT-DCC model above specified. T-statistics of
the parameter functions are calculated using the delta method.
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Table 8.
Specification 3: Qi = (l_az _ﬂz)qij =77 Y +a277i,t—1,7j,t—1 +ﬂ2qij,t—1 + 77 Vit
Specification 4: Qi = (1-a _ﬂz)qij =77V +a277i,t—177j,t—1 +ﬂ2%,t—1 + 77 Vi

B R A

it

0 otherwise
Specification 3 Specification 4

Coef t-stat Coef t-stat
a’ 0.0079  13.38004 a’ 0.00779 13.21574
[° 098492 704.9643 5’ 0.98497  703.2758
YoVoux  -3:38E-05 -0.13131 Voloux  0.00004  0.13201
VwgiVoux S-80E-04  0.56855 VwgiVoux  0.00059  0.60582
YspVoux  0.00130  0.65098 7507 bux 0.00145  0.71265
VeacVbwe 0-00115  0.64074 Veacoux  0.00128  0.69796
VaaVoux 000116  0.64672 Vaadoux 000128 0.70483
ViseVoux 0.00122  0.64319 ViseVoux  0.00139  0.70336
Ywgi? px -1.60E-04 -0.12736 YwgiVpx  0.00017  0.13954
VsV e -3.58E-04 -0.12557 VsV o 0.00041  0.14201
Yeac’px -3.18E-04 -0.12623 VeV 0.00037  0.14115
Vea? px -3:21E-04 -0.12631 YoV x  0.00036  0.14104
ViseVpx -3.38E-04 -0.12626 ViseVpx  0.00040  0.14117
YsoVwg  0.00615  2.44187 YoV wgi 0.00579  2.29744
VeacVwgi  0.00545  2.23219 YeaVwgi  0.00512  2.07220
VaaxVwgi 000551  2.28065 ViaVwgi  0.00510  2.11857
VtseVwgi  0.00580  2.34595 ViseVwgi  0.00553  2.20055
Yeac/sp 001218  3.65015 Yeacsp 0.01264  3.68494
YaaVsp 001232 3.40756 YV sp 0.01259  3.40159
ViseVsp 001297  3.35723 VuseVsp ~ 0.01365  3.38016
VaaVeac 0.01092 325617 VaaVeac ~ 0.01113 328140
ViseVeac 0.01150  3.83578 ViseVeac ~ 0.01207  3.94264
ViseVoax 0.01163  3.76627 ViseVoax ~ 0.01202  3.85061

LL -4972.810 LL -4972.930

Volatility thresholds estimated coefficients, t-statistics and log-likelihood for the VT-DCC models above
specified. T-statistics of the parameter functions are calculated using the delta method.
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Table 9.

Specification 1:
Ui = A—aa; = BB — vy Vi + it 10+ BiBiGica + 77 Vi
. T T
L Jritn>d({a] ) or hy, >d({hj,t}t=1); N

ij.t —
0 otherwise

Coef t-stat Coef t-stat Coef t-stat

oo 000925 14233 PoPox 085254 1104207 Voxlox 000510 091525
Uagi®hix 001322 1.86039 PugiPoux 087061 17.73330 Ywgi?oox 002003 1.49980
Ao 0.00720 2.12278 PooPox 091762 2062052 YPoux  0.00611  1.62095
Ao 0.01134 2.21566 Peacloux 092107 2094038 Yeaclbux 000355 1.38203
Pgox P 0.01068 215591 Baaxlox 091959 20.88573 Yaaloux  0.00188  1.07419
PisePoux 000885 2.25235 7fse?bux  0.92377 21.06308 Vtselboux  0.00400  1.48548
Uagi@pc 001888 199136 PuiPox 085756 1335561 Ywi’pe 001418 1.14519
Aoy 001028 206072 PP 090387 14.06516 YV 000414  1.19018
Uoa®ix 001619 224421 PPy 000727 1412357 Vel 000241 1.09471
U@ 001525 220019 PaxPox 090581 1407033 Yoalpx 000127 0.90999
px 0.01263 2.15465 PrePox 000993 1413679 7rse¥ox 000271 1.10807
Apag 0.01470 2.97865 PoPusi 092302 3776439 YPwsi 001700 2.61146
UoacPugi 002315 395398 Deaclugi 09265 38.85957 Veaclws 000988  1.87305
UgoPugi 002179 3.63272 PoxPusi 092501 3881414 Youlugi 000522 128742
X seugi 0.01806 3.76212 PrsePugi 092921 3875320 Vselugi 001113 2.16128
Ueacsp 001261 375121 PaacPp 097653 1404740 Vealsp 000288  1.55296
U4 001187 339589 PP 097495 1309339 Yoalso 000153  1.16267
Ui 000983 3.05560 Dl 097939 1210028 Vnse¥sp 000325  1.58943
Pgox@eac 0.01869 5.61381 Paabac 097863 204.8042 YoaxVeac 8.87E-04  1.00408
U tsecac 001549 6.16084 PreBeac 098307 284.0230 ViseVeae 000189 143528
X tseam 0.01458 517516 PrsePoax 098149 198.8509 VtseVoax  9.99E-04  1.12241

LL -4949.990

Estimated coefficients, t-statistics and log-likelihood for the VT-DCC model above specified. T-statistics of
the parameter functions are calculated using the delta method.
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Table 10.

Specification 2:
Ui =A—aa; = BT — 7y Vi + it M0+ BiBiGica + 77 Vi
. T T
L Jritn>d({a] ) or hy, >d({hj,t}t=1); N

ij.t
0 otherwise

Coef t-stat Coef t-stat Coef t-stat

Ao 000956 1.44791 PpPox 084901 10.85755 Vexloux 000576 0.99560
Uagi®ix 001377 1.91785 PgiPox 086893 18.09595 Ywgi?oux 002388 1.67368
Ao 0.00737 2.15545 PooPox 091726 2083406 YoPox 000581  1.72338
Aol 0.01159 2.26367 PeacPox 091946 21.16879 Yeacloux  0.00343 147164
Pgex P 0.01088 220568 DaaxFox 091800 21.12538 Yaaoux  0.00200  1.16450
XisePoux 0.00908 2.29446 7 fse?bux  0.92227 21.30499 Vseloux  0.00356  1.54771
Uagi@pc 001943 2.00432 PuiPox 085530 13.03158 Ywai’pc 001710 129214

a. .o

spp 0.0104 2.05783 'BSD'BDX 0.90295 13.62728 77 px 0.00416 1.30465

el 001635 223929 PeacPox 090513 13.66656 Vel o 0.00246 120157

<

U@ 001535 220777 PaxPox 090369 13.62231 Yoalsx 000143 1.00639
px 0.01281 2.14954 PrePox 000789 1367076 7wse¥ox 000255 1.19672
APugi 001497 3.11100 PoPusi 092415 3852147 Yolws 001726 265559
Uoaclugi 0.02354 409537 PeacPug 092637 39.69369 Yeaolwgi 001019 1.94694
UgoPugi 0,021 3.73696 PoxPusi 09249 3048275 Youugi 000504 141500
U tseugi 0.01844 3.90854 PreePugi 09202 30.61712 VeePugi 001057 2.09703
Ueacsp 00126 3.88667 PoacPo 097789 1467829 Yeaclsp  0.00248  1.54658
U4 001183 351311 PP 097634 1343801 Yaalss 000145 122118
Uil 000987 3.16210 PP 098088 126.3844 Yie¥p 000257 153758
Ao Qcac 00186 5.66930 PaaxPoac 097869 208.0575 YaaxVeac 000085 1.05161
U secac 001552 6.28888 Dreleac 098324 2902035 Vieloae 000152 138096
U tseaa 0.01457 530121 PrsePoax 098168 203.1972 ViseVoax  0.00089  1.14502

LL -4949.700

Estimated coefficients, t-statistics and log-likelihood for the VT-DCC model above specified. T-statistics of
the parameter functions are calculated using the delta method.
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Table 11.

Specification 5:
Ui = A—aa; = BB — vy Vi + it 10+ BiBiGica + 77 Vi
1 ifh, >d({hi’t};) and h,, >d({h“}

T

V., = t=1); d =90%

ij,t
0 otherwise

Coef t-stat Coef t-stat Coef t-stat
O Xy 0.0111  1.4283 ﬂpxﬂbux 0.8383  9.1886  V(Vpux  0.0024 0.1547

QG 0.0159 2.0654  Biiflox 08555 14.6436  VygiZpux  0.0037  0.1710
Ay 00064 22915 BB, 09167 18.0230 Vg Vpx  0.0046  0.2038
QloacOlp 00130 25676 L Pox 09109 18.0138  Jealpux 00040 02045
oy oy 0.0121 24655 S B 09125 18.0024 ¥y Vpwe  0.0035  0.2043
el 0.0101 24924 Vo Vpux 09117  18.0694  VqeoVpux  0.0058  0.2041
Qi@ 00195 18627 BBy 08461 11.0421 7?7  0.0094 02522
Ay 00078 19026 Byfy 09066 12.0747 7,7, 00118 0.2852
Qe 0.0159 20726 BBy 09009 120601  Ypue?px  0.0103  0.2835
o 0.0148 20581 S, B 09024 12.0522 Yyl 0.0089  0.2830
0.0123 19709 BB 09017 12.0655 Yye¥x 0.0149  0.2838
Ay 00112 27454 BB 09252 27.8202  VgVws 00181  0.6686
Ay 0.0227 34219 BBy 09194 27.6695 Veaehug 00158 0.6742
Qi Pgi 0.0211 32461 Sy Bogi 09209 27.5362  VywVuwg 0.0137  0.6671
A e@ygi 0.0176 33299 BBy 09202 27.5699  Visolwg 00229 0.6698

Ay 0.0091 37337 BBy, 09851 2559799 | VepVsp  0.0198  2.7147
APy 0.0085 32154 [y, By, 09867 231.1695| VeuVs 00171 2.4299
Ay 0.0071 3.0048 BBy, 09860 232.9755| VpeVyp  0.0286  2.9088
e 0.0172 57668 S Beac  0.9805 2341893 | VyouVeae 00149 2.1850
O oOae 00143 57767 PuePeac 09798 246.0274 | VpseVeac  0.0250  2.6160

X eQyay 0.0133 51133 BreePuax 09814 237.5877 | VuseVaax  0.0216  2.3989

adax a

LL -4951.569

Estimated coefficients, t-statistics and log-likelihood for the VT-DCC model above specified. T-statistics of
the parameter functions are calculated using the delta method.
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Table 12.

Specification 6:
Ui =A—aa; = BT — 7y Vi + it M0+ BiBiGica + 77 Vi

1 ifh, >d({hi’t};) and h,, >d({h“}

T

t=1); d =90%

ij,t
0 otherwise

Coef t-stat Coef t-stat Coef t-stat

Aol 00111 14284 PP 08363 9.0730 7oxbux 0.0038 0.2056
Uagi®uix 00157 20489 PagiPoux 08540 143384 Ywsloux  0.0048 0.2136
Ao 00065 22978 PoPox 09147 17.6340 Ysp7bu 0.0072 0.2977
Qoachx 00129 2.5655 PeacPosx 09089  17.6228 Yoacbux 0.0063 0.2992
Ao 00120 24615 BoaxPosx 09105  17.6137 Vet bux 0.0053 0.2984
DisePoux  0.0101 2.4951 7tse?bux  0.9095 17.6683 Vtseoux  0.0093 0.2980
Uagi@p 00192 18424 PuiPoc 08464 109468 Twailpe 0.0076 0.2496
Ay 00079 19001 PP 09065 119770 Vel e 0.0114 0.2961
Ueacpx 00158 20637 PoacPx 09008 11,9628 Veao?px 0.0100 0.2938
gl 00147 20472 PaaPoc 09024 119536 Voaxox 0.0085 0.2936
00123 19651 PrePoc 09014 119660 Vsesx 00148 0.2948
Aag 00112 27374 PoPus 09257 27.6247 VspVwai 0.0143 0.5043
Uaclugi 00224 33875 PeacPug 09199 274637 Yeaclwsi 00125 0.5059
UgoPugi 00208 32162 PoPusi 09215 273311 Yoausi  0.0106 0.5002
Uieag 00175 33010 PreePugi 09205 273565 VeV 0.0186 0.5023

Ueasp 00092 37653 PacPp 09852 2559971 Veaclsp 0.0187 2.6649
U4 00086 32341 PP 09869 2312309 Vearlsp 0.0160 2.3811
e 00072 3.0203 Pl 09859 2303740 Vrselsp 0.0279 2.8812
OgxOiac 00172 57897 PiaxPeac 09807 236.8599 7axVcac 0.0139 2.1324
Uielac 00144 58193 PreePeac 09797 2447662 Viseloao  0.0243 2.5904
Utea 00134 5.1272 PrsePa 09814 236.6741) ViseVam  0.0208 2.3611

LL -4951.946

Estimated coefficients, t-statistics and log-likelihood for the VT-DCC model above specified. T-statistics of
the parameter functions are calculated using the delta method.
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Table 13.

Specification 5:
Ui = A—aa; = BB — vy Vi + it 10+ BiBiGica + 77 Vi
1 ifh, >d({hi’t};) and h,, >d({h“}

T

V., = t=1); d =75%

ij,t
0 otherwise

Coef t-stat Coef t-stat Coef t-stat
O Xy 0.0062 1.0191 ﬂpxﬂbux 0.8649  8.5512 7 Vpux  0.0002 0.0959

Qi Oy 0.0041 15144 S, By 09209 14.0374  VyuiVoue  0.0027 03333
Ay 0.0081 17215 BB, 09058 139145 ¥ %y, 0.0031 0.3343
Ol 0.0128 1.8485 LS. fo 09110 141027 ¥ Vo 0.0021 03354
oy Xy 0.0121 18036 LB fox 09105 13.9900  ¥yoVowe 00017  0.3312
Ul 0.0123 17749 Vuoooux 08971 141121 VgeeVpux  0.0033  0.3333
Qi@ 00036 12873 BBy 09340 12.5298  Jqi?x  0.0009  0.1045
Q@ 0.0073 14109 SoB,x 09186 124634 7V, 0.0010  0.1046
Qe 0.0115 14502 BBy 09239 125081  Yyue?px  0.0007  0.1042
o 0.0100 14382 S, B, 09234 124482 Yyl 0.0005  0.1040
0.0111 13998 BBy 09098 124422 Yo ¥ 0.0011 0.1039

Ay Oy 0.0048 25040 S B 09781 1109168 | Vo Vug  0.0144  3.1449
Qg 0.0076 28598  LSeocPugi 09837 369.7313 | VeacVugi  0.0094  3.7640
Qo Pgi 0.0072 29487 LSy Bgi 0.9832 247.3087 | VyuVwg  0.0077  2.8253
QA eCygi 0.0073 2.9567 PPy 0.9687 132.5609 | VeV 00153 3.0994
Qeagy 0.0152 37542 BBy, 09675 1032159 | VepeVsp 00110 2.3063
APy 00144 35491 [y, By, 09670 96.1987 | VguVsp  0.0090  1.9487
Ay 00146 28488 [ B, 09528 77.2625 | VeV 0.0179  2.1783
e 00226 62619 S e 09726 1795774 | VyuVeae 00059  1.9491
Apeellne 0.0230 49181 BB 09583 117.4007 | VpseVeae 00117 2.1537

X heQyay 0.0218  4.6258  PreePuax 09578 111.2133 | VpseVaax  0.0096  1.8557

adax a

LL -4948.565

Estimated coefficients, t-statistics and log-likelihood for the VT-DCC model above specified. T-statistics of
the parameter functions are calculated using the delta method.
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Table 14.

Specification 6:
Ui =A—aa; = BT — 7y Vi + it M0+ BiBiGica + 77 Vi

1 ifh, >d({hi’t};) and h,, >d({h“}

T

t=1); d=75%

ij,t
0 otherwise

Coef  t-stat Coef t-stat Coef t-stat
Ay 00100 13459 B B, 08516  9.5585 JpVpyx  0.0004  0.1835
Qi Oy 00150 1.9682  SgiBox 08620 163821 YV -0.0036  -0.4408
Ay 0.0087 22314 BB, 09196 189322 Y Vpx -0.0024  -0.3997
o 00129 23233 S B 09214  19.0064 Vlpx -0.0014  -0.4043
QyaxOlpux 00122 22653 B Powx 09215 189140 Yy Vusx -0.0009  -0.4021
el 0.0104 22885  Veelpux 09233 191517 YieeVpx  -0.0023  -0.4027
Qi@ 00189 1.8861 BBy 08456 119811 Juqi¥p  -0.0029  -0.2421
Oy 00109 19504 Sy f, 09021 126371 7oV -0.0019  -0.2347
Qe 00162 2.0411 BBy 09038 126594 Vool ;x  -0.0012  -0.2372
o 0.0152 20343 S, By 09040 126172 Yyl -0.0007  -0.2381

0.0130 1.9854 BBy 09057 12.6902 Fqe?x -0.0019  -0.2374

(24

Ay 00164 29746 BBy 09132 31.0475| VyVug 00159  1.8210
Qg 0.0243 37347 SeoPugi 09149 315779 | VeacVugi  0.0097  1.6248
oy Pgi 0.0228 34343 Sy Bosi 09150 31.2561 | VyuVwg  0.0061 1.3038
Qpe@ygi 0.0195 3.5245 PPy 09168 311441 | VyooVwe 00156 1.7631
Ay 0.0141 40869 S fy, 09760 131.8774 | Veaelsy  0.0064  2.0105
APy 00132 3.6682 Sy By, 09762 1173444 | 7407, 0.0040  1.3620
0.0113 32988 S By, 09781 111.0406 | VpeVsp 0.0103 22195
e 0.0196 59370 S Beac 09780 197.8272 | VymVewe 00024 12313
Apeellne 0.0168  6.0461 B Bae 09799 2264873 | ViseVeae 0.0062  1.9871
Qe Ogax 0.0158 51742 BroBiax 0.9801 1602816 | VeV 0.0039 13188

LL -4950.84

Estimated coefficients, t-statistics and log-likelihood for the VT-DCC model above specified. T-statistics of
the parameter functions are calculated using the delta method.
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Panel A. 90% volatility threshold

Table 15.

Likelihood ratio tests

Specifications LL LL LR VT Component
Unrestricted Restricted

1 against 3 -4946.41 -4972.81 52.80 Contemporaneous

2 against 4 -4946.07 -4972.93 53.72 Lagged

5 against 7 -4951.57 -4970.60 38.06 Contemporaneous

6 against 8 -4951.95 -4970.74 37.58 Lagged

Panel B. 75% volatility threshold

Specifications LL LL LR VT Component
Unrestricted Restricted

1 against 3 -4949.99 -4973.95 47.92 Contemporaneous

2 against 4 -4949.70 -4973.81 48.22 Lagged

5 against 7 -4948.57 -4969.91 42.68 Contemporaneous

6 against 8 -4950.84 -4969.81 37.94 Lagged

LR is the likelihood ratio test between the restricted (3, 4, 7 and 8) and the unrestricted (1, 2, 5 and
6) specifications. The test statistic follows a ;(122 . The upper 1 and 5 percentile points of the ;(122
distribution are 26.2 and 21.0, respectively.
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acac abux

adaxabux
aftseabux
awgi apx

aspapx

acac a px
adax a px

a ftsea px

asp awgi

acac awgi

adax awgi

a ftse awgi

Aae asp

adax asp

aﬁseasp

ad ax acac

a ftse acac

a ftse adax

LL

Table 16

Qi = (l_aiaj _ﬂiﬂj)qij =77V _§i§j My + 474174 +ﬂiﬂjqij,t—l + 77 Vit +§i§jmij,t

ij.t

ij.t

Coef t-stat

0.00867 132188 PpPoux
001112 1.76071 Bugi Poux
0.00588  1.93910 BspFour
0.00954  1.99827 Peac o
0.00854  1.94940 BaacBoux
0.00717 2.01130 7 ftse/bux
0.02046 1.91100 BagiPox
0.01082 201024 PoPx
001755 2.12117 PeacPpx
0.01571 209175 BaaxBx
001320 2.06054 BrsePpx
0.01388 290057 P Pusi
002252 3.88779 PeacPugi
0.02015 3.53661 PeaxPugi
0.01693 352546 PrsePug
0.01191 385123 BeacPip
0.01066 344671 PaaxPp
0.00895 2.95870 PrsePsp
0.01728  5.72796 PioxBrac
0.01452  5.71624 BrisePac
0.01299 463162 PrisePaa

0

i (hi,t>d({hi,t}:_l)

Coef
0.78973
0.87201
0.91135
0.92011
091717
0.92099
0.79697
0.83292
0.84094
0.83825
0.84174
0.91969
0.92854
0.92558
0.92943
0.97043
0.96733
0.97136
0.97664
0.98070
0.97757

otherwise

otherwise
d =90%

t-stat Coef

8.46009 VoxVoux  0.01218
18.94197 Zwgi/oux  0.04149
2221591 VsV 0.00844
22.19966 7cac?bux  0.00304
22.12457 Yaax?bux  0.00388
2231243 Vseoux  0.00599
8.91065 7wei’px  0.04140
9.40347 Vo 0.00842
9.38955 Yeac’px  0.00303
9.39690 Ydax’px  0.00387
9.39317 Vmse?px  0.00598
38.54469 Ysolwgi  0.02869
40.17386 7eac?wsi  0.01033
39.83277 Vex?wgi  0.01318
39.76852 7tse/wai  0.02038
135.1042 7eac?sp  0.00210
127.3832 Vex?sp  0.00268
123.0879 7fse?so  0.00415
2202734 ViaxVcac  9.66E-04
279.4192 Vtselcac 0.00149
230.8696 7'fseldax  0.00190

-4940.749

o) or hj,t>d({hj,t}f_l)

and &, , <oj or (hj,t >d({hj’t}:_l)

and &, <Oj

t-stat Coef t-stat

100702 SpSbou  0.01367 0.55798
1.86997 SwgiShx  0.00375 025911
096393 SwShux  0.01731 075527
0.60947 ScacShux 001051 0.75136
0.84887 SaaxShux  0.00829 0.73257
102262 StseSbux  0.00808 0.73812
120869 SwaiSpe  0.01142 0.29145
074654 SwSmx 005267 1.12420
052471 SeacSpx 003195 1.06137
0.69518 SiaxSpx 002521 1.03769
079379 SteSpc 002457 1.03521
109176 SwSvgi  0.01446 0.32630
0.64946 ScacSwgi 000878 0.32875
0.95750 SoaxSusi 000692 0.32442
118081 StseSwgi  0.00675 0.32124
045407 Seacos  0.04048 3.07574
0.58391 ScaxSH  0.03193 2.29960
0.65741 SteSw 003112 2.26528
042594 SomSeac  0.01937 3.08032
0.46998 SfseScac  0.01888 3.06040
0.60044 SfseSaax  0.01489 2.95644

Estimated coefficients, t-statistics and log-likelihood for the VT-DCC model above specified. T-statistics of
the parameter functions are calculated using the delta method.
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a

cac abux

adaxabux
aftseabux
awgi apx

(2N

sp 7 px

cac™ px

a.. o

cac “wgi

adaxawgi

a ftse awgi

(279 asp

adax asp

a ftse asp

adax acac

a ftse acac

aﬁseadax

LL

Table 17

Qi = (l_aiaj _,Biﬂj)qij =77V _é:ié:j m; + o1, 414 +ﬂiﬂjqij,t—l + 77 Vit +§i‘§jmij,t

it

Coef

0.00728
0.00380
0.00653
0.01291
0.01196
0.01408
0.00377
0.00649
0.01284
0.01189
0.01400
0.00339
0.00670
0.00620
0.00730
0.01152
0.01067
0.01256
0.02109
0.02485
0.02301

ij.t

1 if (hi,t >d ({hi,t};) and i1 < Oj or [hj,t >d ({hi,t};)

0

t-stat

122831 BoxPox
1.50835 Bugi Fous
176149 PepPoux
207821 BracPoux
2.04642 PaaxBoux
1.95663 7 frse bux
1.45536 ﬂwgiﬂpx
162639 PooPox
1.82847 PeacPp
180740 PaacPp
170016 BisePx
2.02892 'BSp'ngi
249136 PeacPug
250604 Piex Pugi
234095 PrisePug
289974 PeacPsp
284152 BaaxPso
2.37547 ﬂﬁseﬂsp
6.17323 PaaxBac
4.60457 PrePeac
438332 PrsePoas

0

Coef

0.86353
0.92164
0.89753
091314
0.91329
0.88557
0.93124
0.90688
0.92265
0.92280
0.89479
0.96792
0.98475
0.98491
0.95502
0.95899
0.95915
0.93003
0.97583
0.94621
0.94637

otherwise

otherwise
d=75%

t-stat Coef

12.44491 7ox2oux 0.00198
23.01102 Ywgi/oux  0.00702
22.40123 Yo?oux  -0.00243
23.05787 Yeac?bux  -0.00151
23.01992 Ydax?bux  0.00106
22.17337 7tise?bux - -0.00430
16.92577 Ywsi?px  0.00175
16.90174 7s?px  -6.07E-04
16.89591 Ycac? px -3.76E-04
16.80383 7dax?px  2.64E-04
16.43401 7tse?px -0.00107
96.43455 VsoVwgi  -0.00215
357.5353 Veac’wsi  -0.00133
317.9723 VdaxVwgi  9.32E-04
85.86773 /' se/wai  -0.00379
88.63527 Veac’sp  4.61E-04
91.30707 Vdax?sp -3.23E-04
56.75750 Vtse?so 0.00131
213.4325 VdaxVcac -2.00E-04
79.78199 7tse)cac  8.14E-04
83.44313 7 fise/dax -5.71E-04

-4939.649

Lo he>d({n), ) or hj,t>d({hjﬂt}:_l)

and ¢, <O]

t-stat Coef t-stat

026251 SpSow  0.00845 0.60566
0.60093 SwgiShx  0.01733 0.80916
043086 SwSbu 002194 1.38831
2038679 ScacSoux  0.01395 1.33207
025359 Samloux  0.00895 1.04716
081177 ShseSouc  0.01998 1.37963
026837 SwiSpx  0.00900 0.71536
031059 SSpc 0.01139 0.97704
1030546 SeacSp  0.00724 0.94124
0.18020 SdxSpx  0.00465 0.83525
035019 StseSpx  0.01038 0.94198
1044990 SwSwsi  0.02336 223318
040163 ScacSugi 0.01485 2.08129
025080 SdaxSwsi  0.00953 1.37308
10.98705 StseSwai  0.02127 2.57384
0.16928 ScacSp  0.01880 2.43426
067724 SaSn  0.01206 2.87093
022350 SfseSm  0.02693 1.96456
1109853 Sambeac  0.00767 277677
021234 Stsebeac  0.01712 227875
10.52455 SrseSdax  0.01099 3.17647

Estimated coefficients, t-statistics and log-likelihood for the VT-DCC model above specified. T-statistics of
the parameter functions are calculated using the delta method.
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a abux

cac

adaxabux
aﬁseabux
awgi apx

aspapx

cac“* px

a..o

cac ' wgi

adax awgi

a ftse awgi

Uac asp

adax asp

a ftse asp

adax acac

a ftse acac

a ftse adax

LL

Table. 18

Qi = (l_aiaj _ﬂiﬂj)qij =77V _§i§j My + 4074174 +ﬂiﬂjqij,t—l + 77 Vit +§i§jmij,t

ij.t

Coef  t-stat

0.01009 1.38292 BpcPux
0.01355 1.91856 PugiPoux
0.00540 2.09385 P Fous
0.01004 2.27975 BracPoux
0.00968 2.20778 BiwcPowe
0.00688 2.25756 7 ftsebux
0.02217 1.92589 PugiPpx
0.00884 1.97555 PsPpx
0.01642 2.14609 PeacPpx
0.01583 2.12176 PaaPpx
0.01125 2.03661 BrsePpx
0.01188 2.71443 PpPugi
0.02206 3.78942 PeacPug
0.02128 3.51117 PaacPug
0.01511 3.22046 BrsePug
0.00879 3.48474 BacP
0.00848 3.04825 PaaxP
0.00602 2.67870 PrsePsp
0.01576 5.71407 PaaxPeac
0.01119 4.52775 PrsePeac
0.01079 4.20749 PrsePaas

0

i (hiﬂt>d({hi,t};)

Coef

0.80661
0.86416
0.92325
0.91877
0.92027
0.91839
0.81031
0.86571
0.86151
0.86292
0.86115
0.92748
0.92297
0.92449
0.92259
0.98608
0.98770
0.98567
0.98290
0.98089
0.98250

t-stat

9.47891
17.61620
22.51858
22.35891
22.40568
22.49454
10.29852
11.39239
11.37122
11.39047
11.36713
34.51223
34.30976
34.18555
34.75556
191.0750
181.3594
158.4562
273.6369
248.2678
2449713

and &,

C g ) er hj,t>d({hj,t};)

ij.t

otherwise
" >0] or (hj,t >d({hj’t}:_l) and &;, >0j
otherwise
d =90%
Coef t-stat Coef t-stat
Y o bux 0.0106 073843 SpiSbux 0.02941 0.6246
Vagloux 003801 1.58589 SwgiShux 0.00484  0.16624
VooYo 000545  0.8773 SspSous 001374  0.79172
YeacPoux  0.00322  0.58429 ScacSbux 0.01555 0.83952
YaaVox  0.00361  0.73545 SdaxSoux 001191  0.84827
ViseVo  0.00557 0.89911 S fseSbur 0.01493  0.86858
Yag?oc 004057 1.03964 SwaiSps 001054  0.17328
YoV 000582 066271 SspSx 0.02995  0.96915
VeaoVpx 000344 048294 ScacSpx 0.03389  1.00926
YaoZox 000386 0.58743 ScaxSpx 0.02597  1.01641
ViseVpx 000594 067868 ©fseSpx 0.03254  1.00012
YoYwg  0.02088 131577 SwSwg 0.00493  0.17965
VeacVwi  0.01233  0.74551 ScacSwgi 0.00557  0.18151
YaoTusi 001383 1.02165 SiaxSug 0.00427  0.18281
VisVugi 002131 138532 S fseSug 0.00535  0.18244
Ve 000177 0.50072 ScacSsp 0.01584 1.7701
YaxTs 000199 061109 SdaxSsp 001214  1.82448
ViV 000306 07196 ©tseSs 00152 1.79622
YoaZoac 000117 0.447 SoaxSoac 001373 2.09555
ViseVoac 000181 0.50895 & fseScac 001721  2.15787
ViseVaax 000203 0.62245] & fseSoax 0.01319  2.48051
-4943.172

Estimated coefficients, t-statistics and log-likelihood for the VT-DCC model above specified. T-statistics of
the parameter functions are calculated using the delta method.
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a abux

cac

adaxabux
aﬁseabux
awgi apx

aspapx

cac“* px

a..o

cac ' wgi

adax awgi

a ftse awgi

Uac asp

adax asp

a ftse asp

adax acac

a ftse acac

a ftse adax

LL

Table. 19

Qi = (l_aiaj _ﬂiﬂj)qij =77V _§i§j My + 4074174 +ﬂiﬂjqij,t—l + 77 Vit +§i§jmij,t

ij.t

Coef  t-stat

0.00719 1.22641 BpcPoux
0.00381 1.51041 BugiPoux
0.00761 1.83878 P LFous
0.01348 2.07525 BracPoux
0.01248 2.05227 BaacPoux
0.01453 1.94185 7 ftse/bux
0.00375 1.42809 BugiBpx
0.00748 1.63716 PoPpx
0.01324 1.78541 PeacPpx
0.01225 1.77599 PaaxPpx
0.01427 1.66442 PrsePp
0.00396 2.17148 PspPugi
0.00702 2.47918 PeacPug
0.00650 2.50586 PaacPug
0.00756 2.35311 BrsePug
0.01401 3.33278 BracPi
0.01297 3.29517 PaaxP
0.01510 25606 BrsePsp
0.02297 6.08219 BaacPeac

0.02674 4.53615 ﬂﬁseﬂcao
0.02475 4.32067 ﬂﬁseﬂdax

0

i (hiﬂt>d({hi,t};)

Coef

0.85851
0.91744
0.88900
0.90729
0.90809
0.87748
0.93006
0.90123
0.91977
0.92058
0.88955
0.96309
0.98291
0.98377
0.95061
0.95244
0.95328
0.92115
0.97289
0.94010
0.94093

C g ) er hj,t>d({hj,t};)

ij.t

otherwise
and &, >o] or (h“ >d({hj,t}:_l) and £, , >oj
otherwise
d=75%

t-stat Coef t-stat Coef t-stat
1076087 Yoo 0.00472  0.55555 S pxShux 0.00131  0.23826
2080499 Ywgiloux  0.01273 129302 SweiShux 0.00708  0.61959
19.99073 Yslbux 000273 039304 SepSoux 0.01309  0.88042
2085118 Yeaclom  6.91E-04 0.14218 ScacSbux 0.00870  0.91405
2080117 Yamlow  0.00332  0.86273 SdaxShu 0.00412  0.76287
2000412 Vo 0.00120 -0.16347 © fseSbux 0.01448  0.92361
1438762 Ywgi’pc 000406 0.61297 SwaiSps 0.00143  0.25289
1426922 7V 870E-04 034388 SsnSpx 0.00265  0.27049
1434466 Yeaclpc  220E-04 013791 ScacSpx 0.00176  0.26739
1429057 Yaapx 000106  0.53560 ScaxSpx 833E-04  0.26013
1406688 Vel o -3.83E-04 -0.15985 S fseS px 0.00293  0.26741
7805776 VVwsi  0.00235 039996 SSwg 001433 1.14309
3246962 Yeaclwgi  S.94E-04 014200 ScacSwg 0.00952  1.23977
2712574 YaPugi 000285 1.02912 SeaxSug 0.00451  0.93586
75.00906 7rsedwgi  0.00103 -0.16474 Stseug 0.01586  1.34764
7112899 Vel 127E-04 0.11323] ScacSs 001762  2.63267
7262044 YooV 6.12E-04 034417 StaxSs 0.00834  1.69252)
4744277 Vsl 220E-04 -022333 StseSep 0.02934  2.68201
182.3539 YaaVeac  1.55E-04 0.13316 SdaxScac 0.00554  1.55098
69.42914 Vtseleac  _5.61E-05 -0.29043] S frseScac 001949  2.40771
7232132 VrseVim  2.70E-04 -0.17413| & rseci 0.00923  1.76899

-4941.014

Estimated coefficients, t-statistics and log-likelihood for the VT-DCC model above specified. T-statistics of
the parameter functions are calculated using the delta method.
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