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Abstract
The aim of this paper is to assess the dynamic interdependence among Stock,
Bond and Money market of Australia. The proposed diagonal BEKK (DBEKK)
model allows for market interaction which provides useful information for
pricing securities, measuring value-at-risk (VaR), asset allocation and diversification and, assisting financial regulators for policy implementation. The
purpose of this paper is to examine the return and volatility spillovers for
Stock, Bond and Money markets. Historical data on Stock, Bond, and T-bill
of Australia’s domestic financial markets from 4 April 2006 to 20 June 2016,
for a total 883 observations are analyzed. The DBEKK model is estimated by
QMLE. The DBEKK model is used as it is the only multivariate conditional
volatility model with well-established regularity conditions and known
asymptotic properties [1]. Application of the model to Australia’s domestic
Stock, Bond, and Money markets reveals that the domestic financial markets
are interdependent and volatility is predictable. Empirical findings suggest
return and volatility spillovers from Bond and Money markets to Stock market, Tbill to Bond, and Bond to Tbill. Further the negative spillovers were detected utilizing partial co-volatility in the DBEKK model. The empirical findDOI: 10.4236/tel.2019.95090
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ings of this paper quantifies the association among the security markets
which can be utilized for improving agents’ decision-making strategies for
risk management, portfolio selection and diversification. Based on these results, dynamic hedging strategies could be suggested to analyze market fluctuations in the financial markets.

Keywords
Diagonal BEKK, QMLE, Diversification, Spillovers, Partial Co-Volatility,
Bond Market, Stock Market, Money Market

1. Introduction
Security traders in the financial markets make their “buy” and “sell” decisions
based on the information available in the financial markets. The amount of risk
associated with a series of returns, however, depends on the arrival of the
so-called “good” and “bad” news that continuously spread throughout the financial markets in every moment of time. Since “news” is not directly observable
thus returns are stochastic and volatile. An interesting feature of asset price is
that “bad” news seems to have a more pronounced effect on volatility than does
the “good” news. This asymmetric “news” is associated with the innovation distribution of losses and gains in the financial markets, which plays a vital role in
determining the leverage effect on asset volatility. Black [2] finds that the leverage effect is caused by the fact that negative returns have greater influence on
future volatility than the positive returns. To understand the dynamics of simultaneous presence of “news” and “leverage” effect on volatility, one is required to
develop functional forms of the expected returns and volatility of return
processes of a financial time series, while the return can be model as an autoregressive integrated moving average (ARIMA) process. There are three main
ways of modelling financial volatility, such as implied volatility, realized volatility, and conditional volatility, McAleer et al. [1]. In this paper we use the conditional volatility approach to specify volatility function.
In developing dynamic volatility models, there are two strands of modelling
conditional volatility i.e. the univariate and multivariate volatility modelling respectively. Engle [3] first introduced univariate autoregressive conditional heteroskedasticity (ARCH) model for measuring and predicting asset return volatility. This model is useful because it captures some stylized facts such as volatility
clustering and thick-tail distribution of return series. Bollerslev [4] extended the
ARCH model which allows for the effect of past volatility in the expanded
ARCH model. This extension is widely known as the generalized ARCH (or
GARCH) model. Tsay [5] derived Engle’s [3] ARCH model from random coefficient autoregressive process, see McAleer [6]. Although useful, the basic
ARCH/GARCH models are incapable of capturing leverage effects on volatility.
Leverage effect is the tendency for volatility to decline when returns rise and rise
DOI: 10.4236/tel.2019.95090
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when returns fall, Enders [7]. Black [2] first discovered the leverage effect that
exists in the financial data and confirmed by French et al. [8]. Various types of
volatility models, within the univariate framework, have been developed in the
literature to address both the theory and empirical issues of the model, namely
the news asymmetry, volatility clustering, thick-tail, non-normality, and risk
premium in the financial returns. For example, Nelson [9] develops an Exponential GARCH (EGARCH); Engle and Ng [10] provide nonparametric tests for
asymmetry between news and volatility, and Glosten et al. [11] propose asymmetric GARCH model. The asymmetric GARCH of Glosten et al. [11] is generally known as threshold GARCH (TGARCH, GJR-GARCH or AGARCH) model.
McAleer [12] showed that GJR captures asymmetry. In the risk-return framework there was another development of the univariate ARCH/GARCH model,
in which the first moment of a series is allowed to include the information generated by the second moment of the returns series. This specification is capable
to deal with investor/agent’s demand for compensation for holding risky assets.
This extension is widely known as ARCH-in-Mean (or ARCH-M) model developed by Engle et al. [13]. Further extension such as GARCH-M, asymmetric
GARCH (AGARCH) can be found elsewhere.
The first two moments respectively called mean and variance of return series
have been investigated extensively in the univariate finance literature to understand the trading dynamics of risk and returns in the financial asset markets, for
example Bollerslev [14] and Bera [15], among others. These articles use various
modeling issues e.g. functional form and dependence. Joint estimation of the
univariate mean-variance model reported elsewhere uses t-distribution or generalized error distributions (GED) as one might not want to perform a maximum
likelihood estimation using normal distribution, because the normality assumption of unconditional volatility of innovation might not hold [7].
The Second strand of volatility modelling has been emerged from modelling
volatilities of returns within the multivariate framework. Within this framework
the shocks to volatility from one market are allowed to affect both the risk and
return of the other markets. The dynamic dependence of multivariate financial
assets provides a rich sources of volatility transmission that helps the investors to
play active role in financial transactions. Specifically, the multivariate extension
to univariate GARCH allows volatility spillovers and leverage effects across
markets jointly. Directional causality between assets returns can be established
among the securities by statistical testing. The multivariate extension to univariate model was first introduced by Engle, Granger, and Kroft (1984) in the
ARCH context, and Bollerslev et al. [16] in the GARCH context. This multivariate GARCH is known as VEC model because of its structure. Further development of the multivariate volatility model is the Baba-Engle-Kraft-Kroner [17]
BEKK model proposed by Engle and Kroner [17]. This model allows for dynamic dependence between the volatility series and guarantee that the covariance
matrix of volatility is positive definite. This property is a requirement of a statisDOI: 10.4236/tel.2019.95090
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tical model. But the interpretation of the model parameters is not straight forward.
In practice, the BEKK model is frequently used for conditional volatility modelling of financial series. Recently, Chikashi Tsuji [18] used BEKK to examine
linkages between French and German Stock index returns. Gounopoulos et al.
[19] used a BEKK model, to examine the linkages between insurance companies,
currency exposures of US, UK, and Japanese banks and Stock returns. Similarly,
Long et al. [20] analysed the conditional time-varying currency betas for five
developed and six emerging financial markets by applying a BEKK model. Employing a BEKK model, Caporale et al. [21] tested the impact of exchange rate
uncertainty on net equity and net Bond flows and on their dynamic linkages.
The objective of Olson et al. [22] is to evaluate whether commodities have an effective function as a hedging tool for equity investors. Employing a BEKK model,
they computed time-varying hedge ratios for the US equity index. Cardona et al.
[23] examined the volatility transmission between US and and Latin American
financial markets.
McAleer et al. [24], Ling and McAleer [25] showed that the quasi maximum
likelihood estimators (QMLE) of the Diagonal BEKK (DBEKK) model are consistent and asymptotically normally distributed. Thus QMLE based inference
and tests are valid in the DBEKK volatility models. However, asymptotic normality of the QMLE of the BEKK can’t be proved except some conditions imposed on the parameters. McAleer et al. [1] developed a CCC VARM-AGARCH
model as an extension of univariate asymmetric volatility model of Glosten et al.
[11]. Ling and McAleer [25] have proved consistency and asymptotic normality
of the QMLE based estimation of VARMA-GARCH model parameters. McAleer
et al. [1] established strictly stationarity & ergodicity of the VARMA-asymmetric
GARCH model. They established consistency and asymptotic normality of the
QMLE estimators under certain conditions. The CCC model of Bollerslev [14]
and DCC model of Engle are the reparametrization that connects Covariance &
correlation matrices.
Very recently Chang et al. [26] in modelling volatility spillover between energy and agricultural markets draws attention on the use of commonly applied Full
BEKK specification for estimating conditional volatility. They have argued that
QMLE based parameter estimates of Full BEKK model has no asymptotic properties and hence there has no valid statistical tests for testing volatility spillover
effects in BEKK. Similar is the case for DCC-Volatility models. They have argued
using DBEKK instead of Full BEKK, because DBEKK models have stochastic validity for likelihood function and QMLE has the desirable statistical properties
for developing statistical inference and tests. McAleer et al. [24] showed that the
QMLE of the parameters are consistent and asymptotically normally distributed.
Chang et al. [27], Chang et al. [26] [28], McAleer [12], Allen and McAleer [29],
McAleer [30], are only a few important articles discussed about the statistical
distributional issues for estimating and testing Full BEKK, DBEKK and triangular BEKK (TBEKK) volatilities spillovers. Chang et al. [26] suggested that the exDOI: 10.4236/tel.2019.95090
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istence of multivariate eighth moments cannot be verified for the existence of
distributional properties of the Full BEKK specification. Hence no valid test exists for testing volatility spillover effects. It is stated in the above papers that the
application of the Full BEKK and TBEKK has no verifiable asymptotic properties.
In this paper we explore the multivariate conditional mean and conditional volatility models using DBEKK specification to find out returns and volatility spillovers of Australian domestic Stock, Bond, and Money markets.
This paper is organized as follows. In Section 2, model and methodology is
discussed. Section 3 describes the sources of data and statistical properties of the
data. Real application of the models is reported in Section 4. Finally Section 5
concludes the paper with future research directions.

2. Methodology
To apprehend the dynamic interdependence of asset returns and volatility spillovers, we utilize multivariate autoregressive conditional mean and diagonal
BEKK (DBEKK) conditional volatility models. The DBEKK model can be estimated by the quasi maximum-likelihood (QML) method. The quasi maximum-likelihood estimates are consistent and asymptotically normally distributed, McAleer et al. [1]. But the Full BEKK model has no statistical distributional properties. Hence QMLE is not appropriate for testing volatility spillovers
in BEKK model, McAleer et al. [1], McAleer [30], Chang et al. [26]. On the other
hand, the QMLE is appropriate for testing volatility spillovers in Diagonal BEKK,
McAleer et al. [1]. We describe the DBEKK model below.

2.1. The Multivariate DBEKK Volatility Model
Let rr = ( r1t , r2t , , rNt )′ be a vector of returns of N number of assets at time index t ( t = 1, 2,3, , T ). The set of information available at time t is denoted by

ℑt −1 . We assume that the dynamic multivariate security returns rt can be adequately represented by a vector autoregression of order p conditional on the information set ℑt −i as
p

rt | ℑt −1 =Φ 0 + ∑ Φ ( l ) rt −l + ε t

(1)

l =1

where, E ( rt | ℑt −1 ) =Φ 0 + ∑ Φ ( l ) rt −l =µt ,say , and Φ ( l ) =
( Φij ( l ) ) is the
p

l =1

N × N coefficient matrix of the lagged dependent variable of the mean model.

The N × 1 intercept vector is denoted by Φ 0 and ε t | ℑt −1 =
H t0.5 et , where
et = ( e1t , e2t , , eNt )′ is the independent and identically distributed (iid) random
vectors of order N × 1 with Eet = 0 and Eet et′ = I N , where I N is an Identity
matrix of order N × N . The symmetric conditional variance-covariance matrix
H t of order N × N is defines as follows.
H=
E ( ε t ε t′ | ℑt −1 =
) E ( rt − E ( rt ) ) ( rt − E ( rt ) )′ | ℑt −1 
t



(2)

Model (1) with (2) can be written more compactly as rt | ℑt −1 ~ D ( µt , H t ) ,
DOI: 10.4236/tel.2019.95090
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where D (.,.) is some specified probability distribution. Or, equivalently as
ε t | ℑt −1 ~ D ( 0, H t ) . Various parameterizations for H t have been proposed in
the literature, for example, Bollerslev et al. [16], Engle [31], Tse and Tusi [32]
among others.
Thus our model of return and volatility of returns takes the following form.
Return:
p

rt | ℑt −1 =Φ 0 + ∑ Φ ( l ) rt −l + ε t , ε t | ℑt −1 ~ D ( 0, H t )
l =1

(1’)

Volatility:

H t | ℑt −1= CC ′ + Aε t −1ε t′−1 A′ + BH t −1 B ′

(2’)

The parameters Φ 0 is the intercept vector and Φ ( l ) is the coefficient matrix of the autoregression of lag order l for the mean model. The matrix C is a
N × N lower triangular matrix such that CC ′ is symmetric and positive definite matrix containing the intercepts parameters of the conditional volatility

model (2’). The matrices A = (α ij ) , B = ( βij ) , i, j = 1, 2,3, , N , are each
N × N matrices of short-run and long-run weight parameters, respectively. The

model (2’) is generally known as Full BEKK model, Engle-Kroner [17].
In model (2’) if the matrices A, and B, are diagonal we get a model what is
called diagonal BEKK (DBEKK). We will treat model (2’) as the DBEKK model
with diagonal A, and B matrices. So model (2’) is our DBEKK model of conditional volatility.

2.2. Estimation of the VAR-DBEKK Model
The mean-variance model (1’) & (2’) can be estimated jointly under non-normality
by utilizing the quasi-maximum-likelihood (QML) method. The estimates thus
obtained are called quasi maximum likelihood estimate (QMLE). Note that the
asymptotic validity of the QMLE holds only for the DBEKK models, McAleer et

al. [1]. The multivariate quasi maximum-likelihood estimates can be obtained by
maximizing the following log-likelihood function

(

−0.5 NT ln ( 2π ) − 0.5∑ ln H t + ε t H t−1ε t′
l (θ ) =

)

(3)

where l (θ ) is the log-likelihood function, N is the number of assets, T is the
number of observations, θ is the full parameter set of the models (1’) and (2’).

ε t and H t are as defined above, and H t

is the determinant of H t .

Numerical optimization routine in RATS Estima can be used to maximize
l (θ ) . In the case of non-normality, the resulting estimates are known as Quasi

Maximum-Likelihood Estimate (QMLE) of θ .
Following the recent research by Chang et al. [26] and Chang et al. [27], we
report the partial co-volatility spillovers for the DBEKK model only. Chang et al.
[26] define the partial co-volatility spillovers as follows.
∂H ij ,t
, i ≠ j, k =
either i or j and
Partial co-volatility spillovers:
∂ε k ,t −1
DOI: 10.4236/tel.2019.95090
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See also Chang et al. [27] for notational consistency of the definition. The matrix H is as defined in (2’) with diagonal A, and B matrices. The empirical calculations provided in Section 4.

2.3. Tests for Return Spillovers and Causality
Refer to the multivariate volatility model of Section 2.1, the following hypotheses
are of interest to test for return spillover effects across assets by the Granger
(1969, 1981) causality test. Considering three assets portfolio, the following hypotheses can be tested.

1, 2, 3 )
Return Spillovers from Asset j and k to Asset i ( i ≠ j ≠ k =
1) Return spillovers from Bond and T-bill to Stock

H 0 : φ=
φ=
0 against H1 : φ12 ≠ φ13 ≠ 0 .
12
13
2) Return spillovers from Stock and T-bill to Bond

H 0 : φ=
φ=
0 against H 0 : φ21 ≠ φ23 ≠ 0 .
21
23
3) Return spillovers from Stock and Bond to T-bill

H 0 : φ=
φ=
0 against H1 : φ31 ≠ φ32 ≠ 0 .
31
32
The above spillover tests are the causality tests in Granger’s sense. The tests
are performed using restricted unrestricted version of F-test. The F-test results
are reported in the empiric al Section 4.

3. Data and Preliminary Results
Historical data on Stock, Bond, and T-bill of Australia’s domestic market from 4
April 2006 to 20 June 2016, for a total 883 observations are used for analysis. The
data was retrieved from Bloomberg database. The daily returns, in percentages,
for Stock (all ordinaries), Bond (5-year maturity rate), and T-bill (90 day bank
accepted bill) are constructed by the following growth rate form.

 p 
rit 100 × ln  it  , i = 1, 2, , N ; t = 1, 2, , T
=
 pit −1 

(6)

The variable pit denote the nominal price of the i-th asset at time t and the
variable rit is the percentage log returns (or the growth rate) of the i-th asset at
time t, pit −1 is the one-period lag of pit , and ln (.) is the natural logarithm of
the argument. N is the number of asset and T is the time index.

Data Property and Preliminary Results
In this section we provide graphical means to explore the data properties. First
we plot the return series and the squared return series. Then we provide summary statistics in Table 1. We use RATS package for empirical computation of
this paper.
Figure 1, shows the time plots of daily log returns, in percentage, of (a) Stock,
(b) Bond, and (c) T-bill. The volatility seems to be larger during June
2008-December 2008 and August 2011-February 2012 for Stock returns; October
DOI: 10.4236/tel.2019.95090
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Table 1. Basic statistics of the return series from 4 April 2006 to 20 June 2016.
Statistics

Stock

Bond

T-bill

Mean (%)

−0.034 (0.337)

−0.095 (0.045)

0.003 (0.216)

Yearly mean (%)

−8.806

−24.61

0.78

Stdev (%)

1.062

1.413

0.065

Yearly stdev (%)

17.09

22.74

1.05

Min

−4.249

−6.278

−0.389

Max

5.529

4.667

0.740

Skewness

−0.203 (0.0140)

−0.273 (0.0009)

1.414 (0.0000)

Excess kurtosis

2.241 (0.0000)

1.816 (0.0000)

20.675 (0.000)

LB(20)

22.591 (0.309)

58.436 (0.000)

21.441 (0.372)

LB2(20)

504.046 (0.0000)

469.484 (0.0000)

40.316 (0.0040)

JB- χ 2 (2) Test

190.841 (0.0000)

132.348 (0.0000)

16020 (0.0000)

Tsay Ori-F(10,865) Test (lags 4)

4.442 (0.0000)

3.139 (0.0006)

2.619 (0.0028)

McLeod and Li Test (lags 4)

331.257 (0.0000)

254.087 (0.0000)

21.067 (0.0206)

ARCH (LM) Test (lags 4)

36.360 (0.0000)

16.974 (0.0000)

4.404 (0.0000)

Note: p-value is in parentheses.

2008-April 2009, August 2011-December 2011, March 2012-November 2013,
and March 2015-December 2015 for Bond; and occasionally around December
2009 and July 2011-August 2011 for T-bill. Time plot of daily log returns highlighted that Bond market is affected the most by the global financial crisis (GFC)
while T-bill is least affected as T-bill is for short term and 5 year Bond market is
for long term. Therefore, the three Australian financial markets are affected simultaneously with some variation.
Figure 2 shows some dependence in the individual asset returns with high
peaks. This is further confirmed by the Ljung-Box [33] test reported in summary
Table 1 below. The jumps are particularly associated with global financial crisis
(GFC) periods for all of the series as the jumps are around 2008-2009 and
2011-2012 and 2015 for Stock; 2008-2009, 2011-2012, 2014-2015 for Bond; and
occasionally around 2009 and 2011-2012 for T-bill. The spikes and the LB-Q statistics on the squared series suggests that the percentage changes of the series
have some ARCH effects.
Table 1 provides various statistics to judge the data properties. In particular,
all of the return series are significantly skewed and are heavy-tailed distributions.
The later property reveals that the series exhibits volatility clustering. This shows
that the rare tail-events have longer effects. The mean of the Stock and T-bill are
insignificant while the average Bond return is significant at the 5% level. Serial
correlation up to 20 lags for Stock and T-bill are insignificant but Bond returns
are serially dependent. The squares series, however exhibits serial dependence in
the second moment for all of the series. Both the Tsay [34] and McLeod and Li
DOI: 10.4236/tel.2019.95090
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Figure 1. Time plot of daily log returns in percentage from 4 April 2006 to 20 December 2016 (x-axis representing the time dimension and y-axis representing the percentage log returns).

[35] tests supports for nonlinearity in all of the series. Existence of conditional
volatility in all series is supported by the Engle [3] ARCH test. Further, the normality of all of the series is rejected by the Jarque-Bera [36] test. We have also
applied Tiao-Box [33] test for cross-correlation to all of the series the series (not
DOI: 10.4236/tel.2019.95090
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Figure 2. Time plot of the squared return series.

reported, can be obtained from the author), some significant negative and positive cross-correlation exists among the variables at different lags. The series are
further tested for unit root nonstationary by augmented Dickey-Fuller, Phillip-Perron, and KPSS tests. The test results are provided below.
All of the tests results indicate that the series are not unit root processes. The
test results of Table 1 and Table 2 reveal that we jointly model the observed
facts of the first and second moments of the data generating process to investigate dependence structure of the variables within the multivariate framework,
which is discussed below.
DOI: 10.4236/tel.2019.95090
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Table 2. Stationarity/non stationarity tests of the return series from 4 April 2006 to 20
June 2016.
Return Series

ADF test with lag = 5

PP test with lag = 5

KPSS test with lag = 5

Stock

−11.783***

−28.572***

0.138

Bond

−10.953***

−31.442***

0.456

T-bill

−12.277***

−30.040***

0.257

***Significant at 1% level. Note: The Null hypothesis for KPSS is stationary while ADF and PP tests the null
hypothesis of non-stationarity.

4. Estimation of the Model
In this section we report the QMLE results of the VAR(1)-DBEKK(1,1) model of
Australia’s Stock, Bond, and Money markets. We apply the AIC, BIC, and HQ
criteria to select the order of the vector autoregression (VAR) of the mean model.
We select order 1 for VAR because among the three criteria both BIC and HQ
select VAR of order 1. In the univariate case, there was overwhelming support to
GARCH (1,1) order volatility model, Bollerslev [4]. Considering these empirical
facts, we thus proceed to fit jointly a VAR (1)-DBEKK(1,1) model. The estimated model is reported in Table 3.
In Table 3, the conditional mean of the Stock equation shows significant
lagged effects of the Bond and T-bill variables. While the Bond equation shows
significant intercept and the lagged T-bill variable. For the T-bill equation only
lagged Bond is significant. The results show that there a bi-directional causality
exist between Bond and T-bill. The Stock does not explain its own lag.
The estimated variance-covariance (VCV) matrix of the DBEKK are reported
in Table 4. The estimates of the diagonal elements of the matrix A are quite similar for a22 and a33 , however the element a11 is very low in compared with
a22 and a33 the main diagonal elements b11 , b22 , and b33 of the B matrix
are fairly similar and higher than the corresponding aii , i = 1, 2,3 , which is
usually as usually found in univariate GARCH conditional volatility models.
These are the short and long run volatility weights. The multivariate statistics
diagnostics and the hypothesis tests, are provided below.
The Ljung-Box (LB) test results reported in Table 5, fails to suggest any model
inadequacy of serial dependence of the errors of theVAR-DBEKK model. Nyblom stability test [37] indicates no overall parameter instability at the 5% level of
significance. The AIC and BIC has no clear evidence of model selection of
DBEKK. In this paper, we tried to find out a way to provide an adequate model
for multivariate conditional volatility.

4.1. Granger Causality and Return Spillover Effects of Stock, Bond,
and T-bill of the Conditional Mean Model
In this section we conduct the return spillover test utilizing The Granger Causality tests based on the F-statistics as provided below.
The test results in Table 6 suggests that there are significant return spillovers
running from Bond and T-bill to Stock returns in Australia’s domestic assets
DOI: 10.4236/tel.2019.95090
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Table 3. The VAR(1) mean model for Stock, Bond and Money markets.
Φ0

Φ

Constant

Stockt−1

Bondt−1

T-billt−1

Stockt

0.0329
(0.0246)

−0.0418
(0.0317)

0.0918***
(0.0232)

−2.0359***
(0.5325)

Bondt

−0.0525**
(0.0250)

−0.0113
(0.0223)

−0.0208
(0.0245)

0.8143*
(0.4747)

T-billt

0.0003
(0.0011)

−0.0002
(0.0009)

0.0019**
(0.0009)

0.0256
(0.0258)

DBEKK Mean model

Note 1: standard error is in parenthesis. Note 2: “*” denote significant at 10% level, “**” denote significant
 φ11 φ12
 φ10 

 
at 5% level and “***” denote significant at 1% level. Note 3: Φ 0 =φ20  Φ = φ21 φ22
φ
φ 
 31 φ32
 30 

φ13 

φ23  .
φ33 

Table 4. DBEKK conditional volatility model for Stock, Bond and Money markets.

DBEKK
0
0
 0.1873***



 ( 0.0313)

 0.0354*** 0.1307***

0

C =
( 0.0129 )
 ( 0.0122 )

 −0.0009* −0.0070*** −0.0039*** 


 ( 0.0005 )
( 0.0005)
( 0.0005) 

0
0
 −0.0511



 ( 0.0459 )



0.2778***
0

A=
( 0.0095)



0.2377*** 



( 0.0069 ) 


0
0
 0.9449***



0.0128
(
)




0.9599***
0

B=
( 0.0020 )



0.9589*** 



( 0.0014 ) 

Note: standard error is in parenthesis. “*” denote significant at 10% level, “**” denote significant at 5% level
and “***” denote significant at 1% level.

Table 5. Multivariate statistics diagnostics.
VAR-DBEKK
LB-Q (10 ) = 94.5567 ( 0.3506 )
LB-Q 2 (10 ) = 109.0536 ( 0.0838 )
loglikelihood = −952.6214
Nyblom = 5.8497 ( 0.08 )
shape = 5.7486
AIC = 2.2236
BIC = 2.3754

DOI: 10.4236/tel.2019.95090
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Table 6. Return Spillovers and Granger causality test in the mean-model.
Granger causality

Mean Model

VAR-DBEKK

F-statistic

From

To

Bond and T-bill

Stock

34.750*** (0.0000)

Stock and T-bill

Bond

0.2.306 (0.100)

Stock and Bond

T-bill

1.428 (0.2397)

Note 1: p-value is in parentheses. Note 2: “***” indicate 1% significance, “**” indicate 5% significance level,
and “*” indicate 10% significance level.

markets However, there is no significant causality running from Stock and T-bill
to Bond, and, from Stock and Bond to T-bill in the DBEKK model. This observation suggests that Australia’s domestic asset markets are interlinked and partially transmitting return shocks across domestic asset markets with some reservations. This information is useful in planning for future investment decisions
both by individuals and financial institutions to minimize risk.

4.2. Conditional Volatility Models
In Table 4, we have reported the DBEKK volatility modeling. This model is useful
for volatility predictions and decision making purpose by the investor and institutions in the multiple financial asset markets. Because this is the only multivariate
volatility model which has the sound statistical properties for feasible statistical inference based on the QMLE of the model parameters, see for example McAleer et
al. [2], McAleer [30], Chang et al. [26], Chung et al. [27]. We will investigate the
volatility spillover effects in the DBEKK model. From our empirical results we observe that the GARCH weights (see the diagonal of the B matrix) of the DBEKK
models are larger than the ARCH weights (see the A matrix). The similar observation usually found in the univariate GARCH (1,1) models, Bollerslev [4]. The
DBEKK structure of volatility enjoy the asymptotic properties of QMLE and is applicable for developing spillover tests. In the context of DBEKK the co-volatility
spill overs can be tested by the approach stated in Chang et al. [27]. Following
Chang et al. [26] and Chang et al. [27] we apply the definitions of the volatility
spillovers and compute partial co-volatility and Full co-volatility spillovers bellow.

4.3. Partial Co-Volatility Spillovers
Following Chang et al. [26] and Chang et al. [27], we report the co-volatility
spillovers with DBEKK model as follows.
Partial co-volatility spillovers with DBEKK
∂H stock,bond,t
= a=
0.00078 Stock shock negatively spillovers to av11 a22 ε stock,t −1
∂ε stock,t −1
erage co-volatility of Stock and Bond.
∂H stock,bond,t
= a=
0.00074 Bond shock negatively spillovers to av11 a22 ε bond, t −1
∂ε bond,t −1
erage co-volatility of Stock and Bond.
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∂H stock,Tbill,t
= a=
0.00067 Stock shock negatively spillovers to av11 a33ε stock,t −1
∂ε stock,t −1
erage co-volatility of Stock and T-bill.
∂H stock,Tbill,t
= a11a33ε Tbill,t −1 = −0.00003 T-bill shock positively spillovers to
∂ε Tbill,t −1
average co-volatility of Stock and T-bill.
∂H bond,Tbill,t
0.00063 Bond shock negatively spillovers to av= a=
11 a33ε bond, t −1
∂ε bond,t −1
erage co-volatility of T-bill and Bond.
∂H bond,Tbill,t
= a=
0.00016 T-bill shock positively spillovers to av11 a33ε tbill, t −1
∂ε Tbill,t −1
erage co-volatility of Bond and T-bill.
The negative sign effect of shock is an important indicator for tradeoff and
asymmetry. The above partial co-volatility spillover is calculated at the average
shock.

4.4. Pattern of Change in Predicted Volatility and Correlations
The estimated model satisfies most of the desirable properties, namely model
adequacy, parameter consistency, volatility clustering and asymmetric effects. As
mentioned before, a good forecast model must capture all stylized facts of the
data. In this regard, VAR-DBEKK model can be used for modelling and predicting volatility and correlation of return volatilities. Note that the only multivariate model qualifies for volatility spillover test is the DBEKK model. The
graph displays time plot of the predicted time varying volatility and correlations.
Figure 3 shows in-sample and out-of-sample predicted volatilities and correlations of volatilities between assets. The main diagonal of Figure 3 display the
predicted volatility and the off-diagonal graphs display the predicted correlations of volatilities. The predicted volatilities of Bond, Stock and T-bill exhibit
changes of the pattern of movement over time. The out-of-sample volatility prediction of each of the security is tranquil. This could be the recovery of the GFC.
The prediction of correlation of volatility between Stock and Bond, and T-bill
and Stock are both positive in the 100-step-ahead prediction. But a mix of both
negative and positive during in-sample prediction. However, both the in-sample
and out of sample prediction of correlation of volatility between T-bill and Bond
are negative. This carries useful information about the asset markets interaction
and trade-off, which is consistent with our previous findings. The volatility prediction is monotonically decreasing in all cases after 2011. The out-of-sample
prediction is tranquil for T-bill but the Stock and Bond price volatility continues
to fall. The overall predicted Bond return is more volatile than the predicted
Stock returns during 2011. There were some tranquil periods both in Bond and
T-bill volatility predictions during the mid-2007 and a severe peak in all of the
securities’ volatility during 2011-2012. All those are the European financial crisis
periods.
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Out-of-sample prediction of volatilities and correlations
out-of sample prediction of Stock return volatility
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Figure 3. Predicted volatility and correlations of Stock, Bond, and T-bill in DBEKK model.

5. Conclusions
In this paper we investigate the impact of return and volatility of return spillovers in the multiple asset markets using VAR-DBEKK model. We also investigated the causality of Stock, Bond and T-bill in the conditional mean model. To
our knowledge, application of the DBEKK in Australia’s domestic Stock, Bond,
and T-bill markets jointly is the first. The results of this paper show that Australia’s domestic asset markets are interdependent in general, although there are
some variations. The Granger causality test suggests that there are significant
return spillovers running from Bond and T-bill to Stock in Australia’s domestic
assets markets. However, there is no significant causality running from Stock
and T-bill to Bond, and, from Stock and Bond to T-bill.
Significant return spillovers from Bond and T-bill markets to Stock markets
found in the DBEKK, model by the Granger causality tests. It is found that the
causality running from T-bill to Bond and vice versa, implying bi-directional
causality exists between Bond and T-bill in the DBEKK model. Time plot of the
daily log returns highlighted that the domestic Bond market is affected by the
global financial crises (GFC), while T-bill is least affected as T-bill is more liquid
than the Bond market. We also found negative partial co-volatility spillovers of
Stock and Bond with the DBEKK. The negative correlation between T-bill and
Bond returns volatility indicates that there is a tradeoff between Bond and T-bill
markets. This information is useful and vital for asset management and portfolio
diversification strategies. Stock and Bond volatility correlations is a mix of both
positive and negative but with some noticeable negative correlation is reported
between these two assets during 2011 and 2012. Volatility correlations between
asset returns are important for policy makers’ asset allocation through diversification during trading under uncertainty. In general the DBEKK model adequately fits the data by the LB and the Nyblom tests. The short and the long run
weight parameters are found to be significant with some reservation. The dynamic interactions among assets simultaneously affect investor’s expectation of
trading securities in Australia’s domestic financial markets. The approach of this
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paper can be extended to investigate spatial dependence of co-volatility & correlation spillovers across countries and, the asymmetric effects of news for modelling and predicting returns and volatilities simultaneously in the international
financial markets for global investment policy decision purposes.
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