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EXTENDED ABSTRACT 

Unlike conditional volatility that has been 
investigated intensively, conditional correlations 
between financial assets have received only little 
attention in literature. Researchers have, for so 
long, focused mainly on estimating returns and 
risk, and have assumed that the correlations are 
constant and have therefore paid less attention on 
them. However, recent studies uncover that such 
correlations vary over time. Therefore, modelling 
and forecasting future correlations between 
financial assets become a need. The paper fills the 
gap by forecasting conditional correlations 
between three classes of international financial 
assets, namely stock, bond and foreign exchange, 
considering the importance of those assets in 
portfolio construction.  

Diversification of portfolios across countries 
offers smaller correlations of expected returns 
than within a country for two reasons: (1) the 
economy and political environment evolve 
differently across countries, and (2) countries 
have different industries in their stock market 
indices (see Heston and Rouwenhost (1994)). 
Even though there is little evidence that either 
stock or bond markets have become more volatile 
worldwide, correlations appear to increase when 
market volatility increases (Odier and Solnik 
(1993)). As volatility spillovers and asymmetric 
effects of negative and positive shocks on 
conditional variance are evident to be the sources 
of volatilities in financial assets, it is imperative 
to investigate whether models that incorporate 
such specifications provide better conditional 
correlation forecasts. 

Two countries are considered, namely Australia 
and New Zealand. Both countries have strong 
economy relationship, hence return and volatility 
spillovers are expected to occur across both 
markets. In addition, both countries are of the 
same time zone. This avoids the problem of non-
synchronous data.  

Forecasting will be conducted using three 
multivariate GARCH models, namely the 
Constant Conditional Correlation (CCC) model of 
Bollerslev (1990), VARMA-GARCH model of 
Ling and McAleer (2003), and VARMA-
AGARCH model of Chan et al. (2002). A rolling 
window is used to forecast 1-day ahead 
conditional correlations. To evaluate the impact 
of model specification on conditional correlation 
forecasts, this paper calculates and compares the 
correlations between conditional correlation 
forecasts. 

Forecasting correlations between stock, bond and 
foreign exchange have been undertaken by 
several papers using various models. Unlike most 
papers in literature that compare conditional 
forecasts with realized volatility in order to test 
the accuracy of such models, this paper is 
intended to analyze whether multivariate GARCH 
models incorporating volatility spillovers and 
asymmetric effect of negative and positive shocks 
on conditional variance provide better conditional 
correlation forecasts.  

The data used in this paper are the daily closing 
price index of stock, bond and foreign exchange 
rates from Australia and New Zealand. The stock 
indices are S&P ASX 200 Price Index and NZX 
ALL Price Index, while the bond indices are AU 
Benchmark 10 Year Govt. Index and NZ 
Benchmark 10 Year Govt. Index. Both foreign 
exchange rates are against US dollar. With stock, 
bond, and foreign exchange rates of both 
countries, there are 6 series of assets to be 
analyzed. This constructs 15 bivariate models to 
be estimated.  

The paper suggests that incorporating volatility 
spillovers and asymmetric of negative and 
positive shocks on conditional variance do not 
contribute to better conditional correlation 
forecasts.  
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1. INTRODUCTION 

Three key elements in portfolio construction are 
estimates of returns, risks and correlations of 
assets in the portfolio. Researchers have, for so 
long, focused mainly on estimating returns and 
risk, and have assumed that correlations are 
constant and have therefore paid less attention on 
them. However, recent studies uncover that the 
correlations vary over time (see De Santis and 
Gerard (1998) and Longin and Solnik (2001) for 
stock, Hunter and Simon (2005) and Solnik et al. 
(1996) for bonds). Therefore, modeling and 
forecasting future correlation between assets 
becomes a need. A forecast of correlation 
between two financial asset prices is required to 
price or hedge an option whose payoff depends on 
both assets prices or to measure the risk of a 
portfolio whose return depends on both asset 
prices (Gibson (1998)).  

The paper forecasts conditional correlations 
between financial assets using three multivariate 
GARCH models, namely the CCC, VARMA-
AGARCH and VARMA-GARCH models. Three 
classes of assets are included in the models, 
namely stock, bond and foreign exchange, 
considering the importance of those assets in 
portfolio construction (see Chen, Roll, and Ross 
(1986) and Odier and Solnik (1993), among 
others). Two countries are considered, namely 
Australia and New Zealand. Both countries have 
strong economy relationships, hence volatility 
spillovers are expected to occur across both 
markets. In addition, both countries are of the 
same time zone. This avoids the problem of non-
synchronous data.  

A rolling window is used to forecast 1-day ahead 
conditional correlations. To evaluate the impact 
of model specification on the forecast of 
conditional correlations, the paper calculates and 
compares the correlation between the forecast of 
conditional correlations. 

2. LITERATURE REVIEW 

Forecasting correlations between stock, bond and 
foreign exchange have been undertaken by 
several papers using various models. Various tests 
have been used to evaluate the forecasts accuracy. 
Forecasting correlations between international 
stocks has been undertaken by McAleer and da 
Veiga (2007) using the CCC, VARMA-GARCH, 
and a new proposed model, the Portfolio Spillover 
(PS)-GARCH. A rolling window approach is used 
to forecast 1-day ahead conditional correlations. 
To compare the forecast accuracy, they calculate 
the correlation between conditional correlation 

forecasts. They find that all three models yield 
very similar results. 

Wainscott (1990) uses historical rolling 
correlation to forecast future correlations between 
stock and bond. To test the accuracy of the 
forecasts, he calculates the correlation between 
the conditional correlation forecasts and the 
following period non-overlapping correlation. He 
suggests that historical correlation is an 
unsatisfactory predictor of future correlation.  

Campa and Chang (1998) use implied, historical, 
RiskMetrics’s Moving Average, and bivariate 
GARCH based correlation to forecast the 
correlation between exchange rates. The forecasts 
are evaluated by computing Root Mean Squared 
Error for the alternative forecasts, regress the 
realized correlation individually against each of 
the alternative forecasts, and ‘encompassing 
regressions’ in which two or more alternative 
forecasts are included as regressors. They suggest 
that implied correlation forecast is superior to the 
others.  

Unlike the previous papers, this paper is not 
intended to evaluate forecasts accuracy of models. 
Its main goal is to analyze whether multivariate 
GARCH models incorporating volatility 
spillovers and asymmetric effect of negative and 
positive shocks on conditional variance provide 
better conditional correlation forecasts. The CCC 
model is the benchmark model as it does not 
incorporate volatility spillovers and asymmetric 
effects of negative and positive effects on 
conditional variance. The models that consider 
volatility spillovers are the VARMA-AGARCH 
and VARMA-GARCH models. Asymmetric 
effect of negative and positive shock on 
conditional variance is incorporated in VARMA-
AGARCH model. 

3. METHODS 

This section briefly discusses the estimated 
models. Consider the following model 
specification: 

tttt FyEy ε+= − )( 1  (1) 

ttt Dηε = , (2) 

where )',...,( 1 mttt yyy = , )',...,( 1 mttt ηηη =  is a 
sequence of independently and identically 
distributed (iid) random vectors, and 

),...,( 2/12/1
1 mttt hhdiagD = . Bollerslev (1990) 

assumes the conditional variance for each asset, 
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mihit ,...,1, = , follows a univariate GARCH 
process, that is, 
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where ijα  represents the ARCH effects and ijβ  
represents the GARCH effects.  

This model assumes independence of the 
conditional variance across countries. In order to 
accommodate possible interdependencies, Ling 
and McAleer (2003) proposed the following 
specification for the conditional variance: 
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W , iA  ri ,...,1=∀  and jB  sj ,...,1=∀  are mm ×  
matrices. VARMA-GARCH assumes that 
negative and positive shocks have identical 
impacts on the conditional variance. In order to 
accommodate asymmetric impacts of positive and 
negative shocks, Chan, Hoti and McAleer (2002) 
proposed the following specification of 
conditional variance. 
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where iC  are mxm  matrices for ri ,...,1=  and 
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VARMA-AGARCH reduces to VARMA-
GARCH when 0=iC  for all i . Furthermore, if 

0=iC , with iA  and iB  being diagonal matrices 
for all ji, , then VARMA-AGARCH reduces to 
CCC, and both VARMA-GARCH and CCC 
nested to VARMA-AGARCH. 

The structural and statistical properties of 
VARMA-GARCH were established in Ling and 
McAleer (2003). This includes the necessary and 
sufficient conditions for stationary and ergodicity, 
sufficient conditions for the existence of moments 
of tε , and sufficient conditions for consistency 
and asymptotic normality of the Quasi-Maximum 
Likelihood Estimator in the absence of normality 

of tη . As CCC is nested within VARMA-
GARCH, the structural and statistical properties 
established in Ling and McAleer (2003) also 
apply to CCC. 

The structural and statistical properties of 
VARMA-AGARCH were established in Chan, 
Hoti and McAleer (2002). As an extension of 
VARMA-GARCH, it follows that the conditions 
established for VARMA-AGARCH are 
equivalent to those for VARMA-GARCH when 

0=iC  for all i . 

The conditional correlation is assumed to be 
constant for all the models. From (2), it is obvious 
that  

tttttt DD '' ηηεε = ,  (6) 

and, as tη  is a sequence of iid random vectors, 
the conditional covariance matrix is  

tttttt DDFE Γ=Ω=− )( 1
'εε ,  (7) 

where )()( '
1

'
ttttt EFE ηηεε ==Γ − , which is a 

constant matrix for all t . The conditional 
correlation matrix is then defined as  

11 −− Ω=Γ ttt DD , (8) 

which is assumed to be constant over time. 
Furthermore, the conditional correlation of tε  is, 
by definition, equal to the covariance matrix of 
the standardized shocks, tη .  

It should be noted as well that restricting the 
model given in equation (5) so that the matrices 

ll BA ,  and lC  are diagonal, the VARMA-
AGARCH model reduces to the univariate GJR 
model proposed by Glosten, Jagannathan and 
Runkle (1993), as follows: 
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4. DATA ANALYSIS 

The data used in the paper are the daily closing 
price index of stock, bond and foreign exchange 
rates from Australia and New Zealand. The stock 
indices are S&P ASX 200 Price Index and NZX 
ALL Price Index, while the bond indices are AU 
Benchmark 10 Year Govt. Index and NZ 
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Benchmark 10 Year Govt. Index. Both foreign 
exchange rates are against US dollar.  

All data are obtained from the DataStream 
database services. The sample ranges from 
5/5/1997 to 2/5/2007, with 2,608 observations for 
each asset. Returns of market i  at time t  are 
calculated as )/log(100 1,,, −×= tititi PPR , where 

tiP ,  and 1, −tiP  are the closing prices of asset i  for 
days t  and 1−t , respectively. All returns are 
found to be stationary, based on both ADF and 
Phillips-Perron tests. 

In order to see whether conditional variances of 
the assets follow the ARCH process, univariate 
ARMA-GARCH and ARMA-GJR models will be 
estimated. Univariate ARMA-GARCH nested to 
VARMA-GARCH, with conditional variance 
specified in (3). Univariate GJR nested to 
VARMA-AGARCH with conditional variance 
specified in (9). If the properties of univariate 
models are satisfied, then it would be sensible to 
extend the models to their multivariate 
counterparts. 

Table 1. Univariate ARMA-GARCH  
 Mean Equation Variance Equation 
 C  AR(1) ΜΑ(1) ω α β 
Ausbond 0.01 -0.11 0.11 0.00 0.03 0.96 
Nzbond 0.01 0.10 -0.08 0.02 0.04 0.94 
Ausstock 0.07 -0.43 0.49 0.06 0.07 0.88 
Nzstock 0.06 0.90 -0.89 0.06 0.10 0.86 
Usdaud -0.02 0.99 -0.99 0.01 0.04 0.95 
Usdnzd -0.01 0.42 -0.43 0.02 0.05 0.90 

 
 
Table 2. Univariate ARMA-GJR 

 Mean Equation Variance Equation 
 C  AR(1) ΜΑ(1) ω α γ β 
Ausbond 0.00 0.59 -0.62 0.00 0.02 0.02 0.97
Nzbond 0.00 -0.33 0.35 0.03 0.02 0.06 0.91
Ausstock 0.05 -0.37 0.41 0.07 -0.01 0.13 0.88
Nzstock 0.04 -0.14 0.18 0.10 0.05 0.13 0.81
Usdaud -0.02 1.00 -1.00 0.01 0.06 -0.02 0.94
Usdnzd -0.01 0.47 -0.49 0.03 0.08 -0.05 0.90

 
 
Table 3. Second and log moment conditions  

ARMA-GARCH ARMA-GJR 

 
Second 
Moment 

Log 
Moment 

Second 
Moment 

Log 
Moment 

Ausbond 0.99 -0.01 0.99 -0.01 
Nzbond 0.98 -0.03 0.95 -0.05 
Ausstock 0.95 -0.05 0.93 -0.08 
Nzstock 0.96 -0.06 0.93 -0.10 
Usdaud 0.99 -0.01 0.98 -0.02 
Usdnzd 0.96 -0.05 0.95 -0.06 

 

From Tables 1 and 2, coefficients in mean 
equations are not all significant. This can be 
interpreted as the behaviour of those returns is 

possibly also determined by other variables such 
as returns spillovers from other markets. 
Coefficients in conditional variance equations 
from both models show that most series are 
influenced by GARCH effects, even though some 
are not influenced by ARCH effects. In addition, 
most series show the asymmetric effect of 
negative and positive shock on conditional 
variance.  

In order to check structural properties of both 
univariate models, second moment conditions and 
log-moments are evaluated for both models. Ling 
and McAleer (2003) showed that quasi maximum 
likelihood estimators (QMLE) for GARCH(r,s) is 
consistent if second moment regularity condition 
is finite. Jeantheau (1988) showed that log-
moment regularity condition given by 

0))(log( 1
2

1 <+ βηα tE , is sufficient for QMLE to 
consistent for the GARCH model. The second 

moment condition, namely 1
2 1
1

1 <++ βγα , is 

sufficient for consistency and asymptotic 
normality of the QMLE for GJR. Moreover, 
McAleer et al. (2002) established the log-moment 
regularity condition for the GJR model, 

0))))((log(( 1
2

11 <++ βηηγα ttIE , and showed 
that it is sufficient for the consistency and 
asymptotic normality of the QMLE for GJR. 
Table 3 shows that both log-moment and second 
moment conditions for both models are satisfied 
for all returns.  

5. ESTIMATION AND FORECAST 

The purpose of this section is to compare the 
conditional correlation forecasts based on CCC, 
VARMA-AGARCH and VARMA-GARCH 
models. A rolling window approach is used to 
forecast 1-day ahead conditional correlations. The 
sample ranges from 5/5/1997 to 2/5/2007. In 
order strike the balance between efficiency in 
estimation and a viable number or rolling 
regression, the rolling window size is at 2000 for 
all data set, which leads to a forecasting period 
from 3/1/2005 – 2/5/2007. With stock, bond, and 
foreign exchange rates of both countries, there are 
6 series of assets to be analyzed. This constructs 
15 bivariate models to be estimated.  

The conditional correlation forecasts are depicted 
in Figures 1 to 15. It is clear that the conditional 
correlation forecasts are not constant. In addition 
to the fluctuating correlations, the correlations 
between stock and bond exhibit upward trend, 
while that of between stock and exchange exhibit 
downward trend.  
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The correlation between conditional correlation 
forecasts resulted from the three models are 
shown in Table 4. The evidence of volatility 
spillovers and asymmetric effects are reported in 
Table 5.  

 

Table 4. Correlation between forecasts of 
conditional correlation resulted from each model. 

Correlations 
No Paiars of Assets 1-2 1-3 2-3 

1 Ausbond-Nzbond 0.97 0.98 0.98 
2 Ausbond-Ausstock 0.91 0.89 0.83 
3 Ausbond-Nzstock 0.98 0.87 0.84 
4 Ausbond-Usdaud 0.92 0.97 0.95 
5 Ausbond-Usdnzd 0.86 0.84 0.85 
6 Nzbond-Ausstock 0.82 0.95 0.76 
7 Nzbond-Nzstock 0.99 0.99 0.99 
8 Nzbond-Usdaud 0.98 0.99 0.98 
9 Nzbond-Usdnzd 0.98 0.99 0.98 

10 Ausstock-Nzstock 0.98 0.99 0.97 
11 Ausstock-Usdaud 0.95 0.96 0.93 
12 Ausstock-Usdnzd 0.97 0.99 0.97 
13 Nzstock-Usdaud 0.99 0.99 0.99 
14 Nzstock-Usdnzd 0.99 0.99 0.99 
15 Usdaud-Usdnzd 0.99 0.99 0.99 

Notes:  
- 1 = CCC, 2 = VARMA-AGARCH, and 3 = VARMA-

GARCH.  
- Entries in bold are considered as low correlation 

coefficients. 

 
Table 5. Summary of volatility spillovers and 
asymmetric effect of negative and positive shocks 

Number of 
Volatility Spillovers No 

 

VARMA-
AGARCH 

VARMA
-GARCH

Number of 
Asymmetric 

Effects 

1 Ausbond-Nzbond 1 1 2 
2 Ausbond-Ausstock 0 0 2 
3 Ausbond-Nzstock 0 0 1 
4 Ausbond-Usdaud 2 1 2 
5 Ausbond-Usdnzd 0 0 1 
6 Nzbond-Ausstock 2 1 2 
7 Nzbond-Nzstock 0 0 1 
8 Nzbond-Usdaud 2 1 1 
9 Nzbond-Usdnzd 1 2 2 

10 Ausstock-Nzstock 1 0 2 
11 Ausstock-Usdaud 1 2 2 
12 Ausstock-Usdnzd 0 0 2 
13 Nzstock-Usdaud 1 1 1 
14 Nzstock-Usdnzd 0 0 2 
15 Usdaud-Usdnzd 2 2 1 
 

As volatility spillovers are evident not in all 
cases, it might be interesting to find out whether 
they have any connection to the forecasts of 
conditional correlations. There are two cases 
where the correlations between CCC and 

VARMA-AGARCH are low (less than 0.9)*. One 
of them occurs when the volatility spillovers are 
evident (Nzbond-Ausstock). However, the other 
case (Ausbond-Usdnzd) occurs even when the 
volatility spillovers are not evident. Furthermore, 
in most cases where volatility spillovers are 
evident, the correlation between CCC and 
VARMA-AGARCH remains high. This suggests 
that volatility spillovers do not contribute to better 
conditional correlation forecasts. Additional 
evidence that support this suggestion is provided 
by the correlations between the forecasts of CCC 
and VARMA-GARCH. Two cases of low 
correlations (Ausbond-Nzstock and Ausbond-
Usdnzd) occur even when volatility spillovers are 
not evident. 

As shown in Table 4, the correlations between the 
conditional correlation forecasts of the three 
models are high in most cases (0.95 on average). 
Even though asymmetric effects are evident in all 
cases, the correlation between conditional 
correlation forecasts of CCC and VARMA-
AGARCH and that of between VARMA-
AGARCH and VARMA-GARCH are as high as 
that of between CCC and VARMA-GARCH. 
This suggests that asymmetric effects do not have 
any significant impact on the conditional 
correlation forecasts.  

 
6. CONCLUSION 

The paper compared conditional correlation 
forecasts resulted from the CCC, VARMA-
AGARCH and VARMA-GARCH models. A 
rolling window approach was used to forecast 1-
day ahead conditional correlations. Evaluation 
was conducted by analyzing the correlation of 
conditional correlation forecasts resulted from the 
models, along with the evidence of volatility 
spillovers and asymmetric effect of negative and 
positive shocks on conditional variance. 

The paper suggested that incorporating volatility 
spillovers and asymmetric of negative and 
positive shocks on conditional variance does not 
affect forecasting conditional correlation.  

 

                                                 
* As Cohen et al. (1988) note, there is no formal 
interpretation of correlation size, it depends on the 
context and purposes. This paper assumes 0.9 as 
low correlation coefficient since it expects that 
those models will yield similar correlation 
forecasts, as the CCC and VARMA-GARCH 
models nested to VARMA-AGARCH model. 
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APPENDIX: Figures 1-15 are the forecasts of conditional correlations between pair of assets resulted from 
the CCC, VARMA-AGARCH and VARMA-GARCH models. 
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Figure 1. Ausbond-Nzbond 
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Figure 2. Ausbond-Ausstock 
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Figure 3. Ausbond-Nzsstock 
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Figure 4. Ausbond-Usdaud 
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Figure 5. Ausbond-Usdnzd 
 

.43

.44

.45

.46

.47

.48

.49

.50

2005:01 2005:07 2006:01 2006:07 2007:01

CCC VARMA_AGARCH VARMA_GARCH
 

Figure 6. Nzbond-Ausstock 
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Figure 7. Nzbond-Nzstock 
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Figure 8. Nzbond-Usdaud 
 

-.72

-.71

-.70

-.69

-.68

-.67

-.66

2005:01 2005:07 2006:01 2006:07 2007:01

CCC VARMA_AGARCH VARMA_GARCH
 

Figure 9. Nzbond-Usdnzd 
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Figure 13. Nzstock-Usdaud 
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Figure 14. Nzstock-Usdnzd 
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Figure 15. Usdaud-Usdnzd 
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