
Asian Economic and Financial Review, 2017, 7(4): 393-412 

 

 
393 

DOI: 10.18488/journal.aefr/2017.7.4/102.4.393.412 

ISSN(e): 2222-6737/ISSN(p): 2305-2147 

© 2017 AESS Publications. All Rights Reserved. 

 

TRANSMISSION OF INTERNATIONAL ENERGY PRICE SHOCKS TO AUSTRALIAN 
STOCK MARKET AND ITS IMPLICATIONS FOR PORTFOLIO FORMATION  

 

Mohammad Z Hasan1 

1School of Business, University of Notre Dame Australia, Sydney Campus, Australia 

 

ABSTRACT 

This paper studies transmission of international energy price shocks to various sectors in the Australian stock 

market. We take the multivariate generalized autoregressive conditional heteroscedasticity (MGARCH) approach to 

modeling volatility and gather evidence that energy price shocks transmit to the price indices of various sectors 

classified by the global industry classification standard (GICS). We observe statistically significant dynamic 

movement of volatility in price returns of crude oil, coal and natural gas and different GICS sector indices on the 

Australian Stock Exchange. Finally, using the observed conditional covariance matrix, we compute optimal weights 

and hedge ratios for portfolios consisting of stocks from energy and other GICS sectors. 
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Contribution/ Originality 

There is a void in the literature on asymmetric volatility transmissions from the energy market to the stock 

market. This paper investigates the asymmetric transmission of volatility and shocks in the crude oil, natural gas and 

coal markets to sectors of the Australian stock market. 

 

1. INTRODUCTION 

The primary objective of this paper is to investigate how volatility has jointly evolved across energy markets and 

various other asset markets in Australia. We endeavor to estimate the degree to which volatility of one asset market 

affects the volatility of other asset markets. Specifically, we examine the transmission of international energy price 

volatility to various GICS sector indices on the Australian stock market. The transmission of volatility from energy 

markets to the other asset markets is observed via conditional covariance estimated from a bivariate GARCH model. 

Further, using this conditional variance-covariance matrix, we compute optimal weights and hedge ratios for 

portfolios consisting two stocks; one from the energy commodity sector and the other from any GICS sector. Studies 

of energy price shocks and their transmission to other asset markets have critical importance in the construction of 
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investment portfolio. An eminent reason is that the demand for energy is comparatively inelastic
1
. A change in energy 

price attracts more attention from investors compared with a change in the price of other goods. There is evidence in 

the literature that major energy price increases in the past have often been followed by severe economic dislocations, 

suggesting a causal link from higher energy prices to recessions, higher unemployment and possibly inflation (Kilian, 

2008). To put it in the context of stock markets, a dramatic shock in the international energy market may spread panic 

resulting in an outright crash. Therefore, studying the dynamics of international energy prices especially, how they 

affect stock prices in an individual market is very important for construction and evaluation of portfolios. In 

particular, this kind of research helps identify which market leads another in price formation. Information (time-

varying co-movement of asset returns) obtained from the studies of volatility transmission is used in making optimal 

portfolio decisions, establishing derivative pricing, and undertaking risk management and hedging. Since energy 

commodities and GICS indices are potentially attractive investment choices to investors, findings from this type of 

studies should help investors to work out fund allocation strategies between these classes of asset. Careful 

investigation of the co-movement of prices of energy and financial assets is equally important for policymakers 

because understanding how global energy price shocks might be transmitted into the domestic financial system is 

relevant both to the design and implementation of policies that make contagion less likely.  

Although the literature of volatility transmission to stock market is voluminous, a vast majority of these studies 

consider transmission of oil price shocks to stock markets. In a recent study, Ewing and Malik (2016) examine the 

volatility spillover between oil prices and US stock market and they observe significant volatility spillover between 

these two markets. Using BEKK model, Broastock and Filis (2014) document the spillover of oil price shocks to US 

and Chinese stock markets. For stock markets of emerging economies, Driesprong et al. (2008) observe the spillover 

effect from the oil price shocks. Literature on volatility transmission from oil market is also extended to sectoral level 

studies. For example, Duppati and Zhu (2016) study the effect of oil price shocks to sectoral stock returns in 

Australia, New Zealand, China, Germany and Norway. In another study, Elyasiani et al. (2013) estimate the 

sensitivity of 10 major US sectors to oil price shocks. It is evident that oil price volatility occupies most of the studies 

on energy shocks spillover to stock markets. There is a vacuum in the literature relating to volatility transmission 

from natural gas and coal prices to stocks markets. This study attempts to fill this vacuum. It is important to 

understand the volatility transmission from coal price to Australian stock market as one-third of the listed companies 

is related to mining sector and a large number of companies are involved in coal business.    

Studies on volatility transmission to Australian stock market are mainly from volatility of other stock markets. 

For example, Valadkhani et al. (2008); Brooks and Henry (2000) and McNeils (1993) have found the Australian 

stock market to covary with the US and UK stock markets. Volatility transmits from the latter into the Australian 

market. Allowing asymmetric effect and using ARCH class models, Brailsford (1996) finds that volatility innovations 

in the Australian market influence the conditional volatility of the New Zealand stock market, and vice versa. Using 

GARCH-M approach, Ratti and Hasan (2013) examine the effect of oil price shocks on volatility in the sectors of 

Australian stock market and find significant effect for most sectors. In a similar study, Duppati and Zhu (2016) find 

the exposure of oil price shocks to the sectors in Australian stock market. However, none of these researches 

considers volatility transmission in these studies. Dean et al. (2010) consider volatility transmission across equity and 

bond markets in Australia. They conclude that volatility transmits from the bond market into the stock market, but not 

in the opposite direction. However, these and many other studies address only the linear transmissions of volatility. 

They do not study the asymmetry of positive and negative shocks. But this study considers asymmetric volatility 

transmission where conditional co-variances are permitted to react differently to positive and negative innovations of 

                                                 
1 Kilian (2008). Presents a list of reasons that make energy prices so important in economic decision making. 
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the same size.  We investigate both negative and positive shocks in crude oil, coal, and natural gas returns and study 

how they transmit to the GICS sector retunes. Thus, we take into account the fact that not only the size of a shock but 

also the sign of the shock in energy markets is important in determining volatility transmission to stock markets.  

Rest of the paper is organized as follows: Section 2 describes the methodology and Section 3 highlights data. 

Section 4 discusses results while Section 5 concludes the paper.   

 

2. METHODOLOGY  

As mentioned in the previous section, we examine volatility transmission from one asset market to another in 

terms of conditional (time varying) co-variances obtained via a bivariate GARCH specification. But we begin this 

section with a brief introduction of univariate GARCH models in order to gain a clear view of the basic idea. GARCH 

is a popular measure of time-varying volatility because it captures the major characteristics that are commonly seen in 

the time series of stock returns. For example, volatility has a tendency to converge to a mean rather than diverge to 

infinity, volatility is high for certain time periods and low for the other periods, and volatility evolves in a continuous 

manner, that is, volatility jumps are rare –meaning that the volatility is often a stationary process (Tsay, 2010). 

GARCH volatility captures these characteristics (see (Engle, 1982; Bollerslev, 1986)).  

Plainly, GARCH volatility of a demeaned time series is the weighted average of a long-term volatility, known 

volatility of some past periods and an unknown volatility (shocks or innovations) of some past periods. We said 

demeaned time series because we are concerned with the volatility of a time series from which the statistically 

significant trend term or the sample mean is removed, making it a random series. This requires a model for the mean 

of the time series to be defined before modeling its volatility. We assume that the returns of individual energy stocks 

and GICS indices are serially correlated and can be defined as a stationary autoregressive moving average (ARMA) 

process of order (p,q) as specified under:  

p q

k t k t k t k t j k t j j k t j

j j

R  R, , , , , ,

1 1

;     
 

 

            (1) 

where k t, is the conditional mean and k t, is the shock or innovation of the weekly log-return series kR at time t; 

p and q are non-negative integers,  j and j are weights for the autoregressive (AR) and moving average (MA) terms 

corresponding to the 
thj lag. The subscript k captures two indices namely energy stocks (e) and GICS indices (g). 

Now volatility (or the conditional variance) of k tR , can be defined as: 

k t k t t k t k t t k t th Var R F E R F F2 2

, , 1 , , 1 , 1( | ) [ ) | ] | 
  

         (2) 

Where 
tF 1 consists of all linear functions of past returns. The fundamental assumption underlying GARCH 

volatility models is that innovations  are serially uncorrelated but dependent; dependent in the sense that the squared 

innovations 
2( )  are time varying

2
. This dependence can be described by a quadratic equation consisting of three 

quantities: a quantity capturing persistence in volatility (long term volatility rate), a quantity capturing unknown 

shocks in the past (lagged values of squared innovations), and a quantity capturing known volatility of the past 

(lagged values of known volatility). By this definition, the GARCH (1,1) version of variance t kh , of a time series kR

                                                 
2 Shocks  t t th e where te is a series of independent and identically distributed (iid) random variable with zero mean and unit variance.   
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can be expressed by the following exact equation:  

 
  k t k k t k th V a bh2

, , 1 , 1            (3) 

Where , a and b are weights for the long-term volatility rate V, the unknown volatility of the past period, and 

known volatility of the past period. Since , a and b  are weights, their sum must be one
3
.  

Equation (3) describes GARCH (1,1) variance of a univariate time series. Now we move to see how this equation 

can be generalized to bivariate cases. We consider bivariate GARCH because we assume that the volatility of a time 

series is a bivariate process; determined party by its own volatility and partly by that of another variable. For 

example, we decompose the total volatility of a GICS index into its own volatility and the volatility that spills from 

an energy stock. The idea of bivariate volatility is analogous to the volatility of a portfolio of two investment choices 

–in our case one is an energy stock and the other is a GICS index. The unconditional variance (H) of the portfolio is 

given by (weights are suppressed assuming the variance and covariance are measured in dollars): 

ee eg

e g e g

ge gg

h h
H h h h

h h
2 2

,2             (4) 

Where the diagonal elements in the metrics are the unconditional variance while the off-diagonals are the 

unconditional covariance. Recall that, in a univariate case, we model only the conditional variance by equation (3). 

Whereas, to estimate the conditional volatility of a bivariate time series, we have to specify three equations; one for 

the variance of the first series (weekly return of energy commodities in our case), one for the variance of the second 

series (weekly returns of GICS indices) and the third one for the covariance of between the two series
4
.  

Application a multivariate GARCH model is a formidable task because of the overload of parameters. 

Econometricians have proposed several formulations in an endeavor to reduce the number of parameters
5
. Bollerslev 

et al. (1988) proposed a formulation where the variables on both the left and right-hand sides are vectors (the upper or 

lower diagonal part of the variable matrix are stacked in a column). By this formulation, the univariate GARCH (1,1) 

volatility expressed by equation (3) takes the following form in our bivariate context. 

ee t ee e t ee t

gg t gg t gg t

eg t eg eg te t g t

h c a a a b b b h

h c a a a b b b h

h c a a a b b b h

2

, 11 12 13 , 1 11 12 13 , 1

2

, 21 22 23 g, 1 21 22 23 , 1

, 31 32 33 31 32 33 , 1, 1 , 1





 

 

 

 

      (5) 

This specification is known as vech model. The unconditional variance matrix of this model is given by 

  1[ ( )]c I a b  where I is an identity matrix of the order 3, c is the column vector of intercepts,  and a b are the 

coefficient matrices as in equation (5) above. Stationarity of vech model requires that the eigenvalues of [ ]a b are 

all less than 1 in absolute value. This requirement is difficult to achieve in empirical applications, resulting an 

unconditional variance which does not make any sense.  Furthermore, the vech specification may produce a 

conditional variance matrix which is not positive definite. Another major limitation of vech model is, of course, the 

                                                 
3 When estimating the weights in equation (3), we replace V by a constant term, say,   and restrict  a b 1. Otherwise  will have a negative sign which is not 

possible by the definition of GARCH volatility. Once ω, α and β are estimated, we can obtain   a b1 ( ) and the long term volatility rate, that is, the volatility 

persistence as V



 . 

4 In general, for a k dimensional time series, k k( 1) / 2  equations need to be specified.  

5 See Brooks (2014). for an introduction and Tsay (2010). For a comprehensive description of various multivariate volatility models.  
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massive number of parameters. As we can see, 21 parameters have to be estimated for a bivariate case.  

The number of parameters may be reduced by a variation of vech specification known as diagonal vech where 

the parameter matrices are reduced to diagonal matrices. But restricting the off-diagonal parameters to zero implies 

that there is no direct volatility spillover from one series to another. Hence, this specification does not fit into our 

purpose. Furthermore, even though the diagonalization considerably reduces the number of parameters, there is no 

guarantee that the diagonal vech model will produce a positive variance matrix.          

To guarantee the positive-definite constraint, Engle and Kroner (1995) propose squaring all elements in the 

conditional variance equation.  This specification is popularly known as BEKK (Baba, Engle, Kraft and Kroner) 

model. We use this model because it takes into account the dynamic dependence between volatility series –which this 

study is concerned with.  Many studies have employed BEKK to study spillover of volatility across stock markets. 

Among the renowned ones are Hamao et al. (1990); Ng (2000); Baele (2005); Mailk and Ewing (2009); Balli et al. 

(2013).  

We consider an asymmetric BEKK GARCH (1,1) model that allows a conditional variance to react differently to 

negative and positive innovations of the same magnitude. In spirit of Kroner and Ng (1998) we employ the following 

specification: 

t eg t ee ee eg ee eg ee egt e t g t

ge t gg t ge gg gg ge gg ge ggg t e t t

t t tee eg ee t eg t ee eg ee eg

ge gg ge t gg t ge gg ge gg t e

h h c c c a a a a

h h c c c a a a a

z z zb b h h b b d d

b b h h b b d d z z

2
ee, , e, 1 , 1 , 1

2
, , , 1 , 1 g, 1

ee, 1 e, 1 g, 1, 1 , 1

, 1 , 1 g, 1 ,

0 ,

0 ,

  

  

  

  

   

  

 

 
ee eg

ge ggt gg t

d d

d dz1 , 1 

 (6) 

Where c is a lower triangular matrix of constants, a is the coefficient matrix of squared innovation and the cross 

product of innovations, b is the coefficient matrix of lagged conditional variance and covariance. z is an indicator 

variable that takes the value 
 t, 1  if the corresponding element of 

t 1 is negative and zero otherwise and  d is the 

coefficient matrix for corresponding z. The diagonal elements of matrix a measure the influences of past squared 

innovations (unknown shocks) of a given series of its own current volatility. While off-diagonal elements can be 

interpreted as the cross-product effects of the lagged innovations (i.e. cross-volatility shocks) on the current 

covariance. The diagonal elements of matrix b measure the influences from past conditional variance and covariance 

(known shocks) on the current volatility (i.e. how the past volatility of a given series transformed into its own current 

volatility), and off-diagonal elements measure the cross-product effects of the lagged co-volatilities on the current co-

volatility (i.e. cross-volatility transmission). The matrix d captures any asymmetry in variance and covariance 

following
t 1 . Kroner and Ng (1998) have identified three possible form of asymmetry. First, the covariance matrix 

displays own variance asymmetry if the conditional variance of one series is affected by the sign of the innovation in 

that series. Second, the covariance matrix displays cross variance asymmetry if the conditional variance of one series 

is affected by the sign of the innovation of another series. Third, if the conditional covariance is sensitive to the sign 

of the innovation in return for either series, then the model is said to display covariance asymmetry.  

The uniqueness of BEKK model, as we can see, is its symmetric parameterization that guarantees a positive definite 

variance matrix, provided cc is positive definite. We estimate the model by the method of maximum likelihood. 

Following Bollerslev et al. (1988) we maximize the likelihood function L under:  





   
T

t t t t

t

L T H H 1

1

1
( ) ln(2 ) (ln )

2
                                                 (7) 

Where H is variance matrix, is any parameter a, b, c or d in our model (7) and T is the number of observations.  

3. DATA 
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We consider three energy commodities and ten GICS indices from the Australian Stock Exchange (ASX). The 

energy commodities are crude oil natural gas and coal. We take the 1-month future price of West Texas 

Intermediaries (WTI) as the price of crude oil. While for coal and natural gas prices, we use the 1-month future prices 

of Henry Hub and ICE Global Newcastle. The GICS indices we consider are energy (XEJ), materials (XMJ), 

industrials (XNJ), consumer discretionary (XDJ), consumer staples (XSJ), health care (XHJ), financials (XFJ), 

information technology (XIJ), telecom (XTJ), and utilities (XUJ). The time period we consider is January 2003 to 

December 2015. Our analysis is based on the time series of the natural logarithm of weekly returns over this period. 

To obtain these series, we take the natural logarithm of each series of prices and calculate weekly returns as the 

difference in the logarithm prices over a week. This gives us 679 observations of weekly returns for each commodity 

and GICS index. The source of all the data is DataStream. 

 

 

Figure-1. Price of Crude oil, Natural gas, and Coal from Jan 2003 to Dec 2015 
This figure shows energy commodity prices used for the study. Crude oil prices are the 1-month future price of West Texas Intermediaries (WTI), while coal and natural 

gas prices are the 1-month future prices of Henry Hub and ICE Global Newcastle. All prices are in US dollar. Source of data is DataStream. 

 

Figure 1 shows the price histories of crude oil, natural gas, and coal during our study period. Crude oil and coal 

are peaked from 2008 and natural gas prices from 2006. All the prices plummet significantly during the financial 

recession, showing a significant drop in demand for energy. All energy price returns are significantly volatile during 

the financial crisis. During 2010, volatility is reduced and there are smoother price movements.  

 

 

Figure-2. GICS Indices from 2003 to 2015 
  Source: Datastream 
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Figure 2 exhibits GICS indices during the time period under consideration. It is apparent that all sectors are 

significantly volatile at the beginning of the financial crisis in 2008. However, the energy, material, and financial 

sectors are more volatile than other sectors like consumer discretionary and consumer staples. Again, energy and 

materials sectors have the highest index value. In both figures, we observe volatility clustering (volatility is high for 

certain time period and low for the other periods). The descriptive statistics for the weekly return series of energy 

prices of crude energy, natural gas, and coal, and the GICS sectors are summarized in Table 1.  
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Table-1. The Descriptive Statistics of the Weekly Return of GICS Sectors and Energy Price Returns 

 XDJ XSJ XEJ XMJ XNJ XFJ XIJ XTJ XHJ XUJ Oil Gas Coal 

Mean -0.0013 0.0016 0.0028 0.0005 0.0018 0.0003 -0.0030 0.0026 -0.0021 0.0006 0.0012 -0.0003 0.0019 

Median 0.0003 0.0024 0.0049 0.0037 0.0034 0.0020 -0.0007 0.0048 -0.0011 0.0019 0.0057 -0.001 -0.0018 

Maximum 0.1259 0.0790 0.1336 0.0899 0.0994 0.0833 0.1682 0.2028 0.0724 0.0786 0.3243 0.3308 0.3609 

Minimum -0.1307 -0.1584 -0.3193 -1810 -0.1458 -0.1801 -0.1718 -0.1638 -0.1293 -0.1048 -0.347 -0.3154 -0.3535 

SD 0.0313 0.0120 0.0343 .0352 0.0261 0.0262 0.0421 0.0352 0.0288 0.02262 0.0548 0.0921 0.0441 

Skewness -0.3012 -1.1211 -1.7492 -1.1464 -0.5178 -1.0946 -0.3779 -0.4717 -0.6781 -0.6755 -.4519 0.2657 0.4874 

Kurtosis 5.0293 11.2538 17.9139 9.1941 5.5822 8.6622 4.9972 7.0950 4.8395 5.3393 9.1141 4.7499 22.444 

JB 103.806 1694.68 5436.368 1010.62 179.309 853.751 105.640 409.103 120.998 169.066 884.93 77.4873 877.05 

JB-p value 0.000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.000 

This table reports summary statistics of weekly return of GICS sectors: energy (XEJ), materials (XMJ), industrials (XNJ), consumer discretionary  (XDJ), consumer staples (XSJ), health care (XHJ), financials (XFJ), information technology  

(XIJ), telecom (XTJ), utilities (XUJ), and market (ASX). The sample runs from 2003:03 through 2010:12. 
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Most GICS sectors have positive weekly mean returns except consumer discretionary, information technology 

and health. The average returns of GICS sectors are small in comparison to their standard deviation. For energy 

commodities, gas has negative weekly mean returns during the study period, whereas oil and coal have positive 

returns. As in the GICS sectors, mean returns of energy prices are smaller than their standard deviation. It is also 

evident that the mean returns on energy prices are significantly higher than the mean returns of GICS sectors.
6
 

Among all the energy returns, gas exhibits the highest standard deviation while coal has the lowest deviation. Among 

the sector returns, the defensive sectors like consumer staples, utilities, and health have lower standard deviations 

while energy, materials, and financials have relatively higher standard deviations. All GICS sector returns and oil 

price returns are negatively skewed whereas gas and coal price returns are positively skewed. The skewness of the 

series implies the data have fat tails. In the case of kurtosis, all the variables show the evidence of leptokurtosis, as the 

values of kurtosis are greater than three. Hence, none of the return series appears to be normally distributed in terms 

of skewness and kurtosis
7
. Yet, we check normality using Jarque-Bera (JB) test. The probability values of the JB test 

indicate that the null hypothesis of is rejected, implying the return series considered in this study are not normally 

distributed. The following paragraphs present results of more diagnostic tests of the data. Results of these tests speak 

in favor of the model we choose here. Now we check if a GARCH type model fits our data at all.  A GARCH type 

model requires the data to have an auto-correlated conditional variance, or the so-called autoregressive conditional 

heteroscedasticity (ARCH). A quick check for the ARCH effect is to test the squared return series for autocorrelation 

(see Tsay (2010)). We obtain the autocorrelation coefficients of the squared return series presented in Table 3. As 

expected, autocorrelation is more eminent in the squared return series, indicating the ARCH effect. Further to this, we 

check autocorrelation in the squared residual t

2( )  by Engle (1982) Lagrange Multiplier (LM) test. The LM test 

checks the null hypothesis that t

2  is an iid white noise against the alternative that it is an ARCH process. Table 2 

contains the result of the ARCH effect of energy prices and GICS sector return data. The statistically significant F 

and 
2  statistics indicate a strong presence of an ARCH effect in data again justifying the use of a GARCH type 

volatility model.   

Another common property of volatility is asymmetry in its response to positive and negative shocks. 

Furthermore, reactions of volatility to big positive shocks and big negative shocks are not the same. To obtain a 

firsthand idea of these aspects of asymmetry in the volatility, we employ sign and size bias tests proposed (Engle and 

Ng, 1993).
8
 

 

 

 

 

                                                 
6 We check the hypothesis of mean difference between energy returns and GICS sector returns and reject the null hypothesis that the difference between the mean 

returns of energy and the GICS sector is equal. It is one tail test, and the alternative hypothesis is that the mean return of energy is greater than the mean return of the 

GICS sector. 

7 For normally distributed variables, the value of skewness is zero and kurtosis is three. 

8 The sign tests evaluate the effects of positive and negative shocks on future volatility. The negative size bias test shows whether larger negative innovations are 

correlated with larger biases in predicted volatility, and the positive size bias test identifies the effects of larger and smaller positive return shocks on the predicted 

volatility.     
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Table-2. Test of ARCH effect on energy price returns and GICS sector returns 

 F-statistics Prob F                                         
2  Prob

2  

XEJ 77.8094 0.0000 76.3298 0.0000 

XMJ 93.9734 0.0000 91.8147 0.0000 

XFJ 57.6405 0.0000 56.1562 0.0000 

XSJ 91.9114 0.0000 89.8459 0.0000 

XDJ 27.2423 0.0000 27.0676 0.0000 

XNJ 31.2654 0.0000 30.5487 0.0000 

XHJ 84.3254 0.0000 82.3548 0.0000 

XIJ 178.1563 0.0000 170.4778 0.0000 

XTJ 70.4225 0.0000 68.9898 0.0000 

XUJ 101.2040 0.0000 95.0254 0.0000 

Oil 68.2547 0.0000 60.0052 0.0000 

Natural gas 58.1024 0.0000 54.2050 0.0000 

Coal 41.9955 0.0000 39.2514 0.0000 

The table reports LM test results to check the presence of ARCH effect in the squared k t, (defined in equation 1) for all return 

series under consideration. The test considers the null hypothesis that there is no ARCH in the data. 

 

Since we expect positive changes in return of energy to have a larger effect than negative shocks, we use a 

positive sign bias test.
9
 Following Engle and Ng (1993) we run the regressions below:  

              Sign bias test: 
i t i t i ta bS u2

, , 1 , 


              (8.1) 

Negative size bias test: 
i t i t i t i ta bS u2

, , 1 , 1 , 

 
          (8.2) 

Positive size bias test: 
titititi ubSa ,1,1,

2

,  



         (8.3) 

Joint bias test: 
tititititititi uSbSbSba ,1,1,31,1,21,1

2

,  











    (8.4) 

where 1, ti  is the residual of series i at time t-1; 

1,tiS is a dummy that takes the value unity if 01, ti  and zero 

otherwise; 

1,tiS  is a dummy that takes the value unity if 01, ti and zero otherwise. Individual bias tests are 

simply the t-tests for the coefficient b in the first three regressions. The joint bias test is an F-test of the null 

hypothesis that all three b parameters in the last regression are jointly zero. Table 3 summarizes the test results. The 

diagnostic results in the table reveal the presence of asymmetry in the squared residuals of energy returns. In terms of 

the sign bias test, oil and gas display significant sign bias; this is not evident in coal. In the case of positive and 

negative size bias tests, the coefficient b appears significant at 1% level in the positive size bias tests for oil, coal and 

gas; and as expected, the coefficient b does not appear statistically significant in the negative size bias test. For the 

oil and gas return series, both sign and size bias tests support the presence of an asymmetric effect, and for the coal 

return series, the size bias test supports the presence of asymmetry. This justifies our choice of an asymmetric 

GARCH model.   

  

 

                                                 
9 In the literature of asymmetry in the stock market, negative shocks are expected to have a greater affect than positive shocks, and therefore the negative sign bias is 

tested.    
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Table-3. Asymmetric tests of Oil, Coal, and Natural Gas 

 Oil Coal Gas 

Sign bias test 0.0124*** 
(0.0007) 

0.0011 
(0.0601) 

0.0120*** 
(0.0054) 

Negative size bias test -0.1379 
(0.0830) 

-0.1758 
(0.1223) 

-0.1328 
(0.1016) 

Positive size bias test 0.1067*** 
(0.0111) 

0.1732*** 
(0.0101) 

0.1723*** 
(0.0096) 

Joint bias test 521.66*** 
(0.0000) 

583.9066*** 
(0.0000) 

1239.000*** 
(0.0059) 

 This table reports the estimated coefficients b in equations 8.1 to 8.3. The joint bias test (the forth row) gives the F statistic. Figures in 

parenthesis are the standard errors. ***, ** and * represent significance at 1%, 5%, and 10% respectively.  

 

Felipe and Diranzo (2005) and Kim and Rogers (1995) suggest checking cross correlations of squared returns 

before evaluating the volatility transmission between two series. This provides a firsthand idea if there exists any 

relationship at all between the second moments of two data sets. We estimate the cross-correlations between squared 

returns of energy and GICS sectors in pairs, considering one energy return and one GICS sector return. The estimated 

cross-correlations are provided in Table 4. The results reveal that the estimated correlation coefficients of oil with 

GICS sectors are higher than the correlations of coal and gas with GICS sectors. 

 

Table-4. Correlation between Squared Weekly Energy Returns and Squared GICS Stock Returns 

 Oil Gas Coal 

XEJ 0.2445 0.0121 0.0663 

XMJ 0.3000 -0.0396 0.0133 

XNJ -0.0338 -0.0385 0.0391 

XFJ -0.0937 -0.0051 0.0607 

XSJ -0.0845 -0.0548 0.0503 

XDJ -0.0293 -0.0715 0.0331 

XHJ -0.0428 0.0262 0.0469 

XIJ -0.0553 -0.0553 0.0270 

XTJ 0.0519 0.0114 0.0245 

XUJ -0.0357 0.0315 0.0474 

This table reports pairwise correlation between squared returns of the sample over the time period 2003:01 to 2015:12. 

 

4. RESULTS AND INTERPRETATIONS 

Tables 5, 6, and 7 present results of the study. Each table contains the estimated mean (Equation 1) and the 

parameters of the variance model (Equation 6) for the bivariate return series k,t e,t g,tR =(R ,R )  where etR is the price 

return of an energy commodity and gtR  is the return of a GICS index. Recall that we consider three commodities and 

ten GICS indices. Hence, we obtain thirty equations separated in three tables. For example, Table 5 shows the mean 

and variance equations for the bivariate return series k,t e,t g,tR =(R ,R )where e,tR is the return of crude oil and g,tR is 

the return of the ten selected GICS indices. The first column of the table gives the two means and fifteen parameters 

of the variance equation for crude oil versus consumer discretionary (XDJ). The second column gives the same for 

crude oil versus consumer staples (XSJ) and so on. We can read the variance equation for crude oil and consumer 

discretionary (XDJ) as under where the subscript e stands crude oil and g for consumer discretionary sector, *** and 

** are indicators of statistical significance at 1% and 5% respectively and figures in parentheses are the robust 

standard errors. 
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e t g tt

ee t eg t

ge t gg t g

h h

h h

2*** *** ***
, 1 , 1e, 1

, ,

*** *** ***
, ,

,0.0001 0.01460.0005 0.0005 0.0584
0

(0.000) (0.0152)(0.0002) (0.0002) (0.0188)

0.0001 0.00750.0000 0.0000 0.0629
0

(0.000) (0.0163)(0.000) (0.000) (0.0122)

 



 

 
t e t t

eg tee t

ge t gg t

hh

h h

***

2 ***
, 1 , 1 g, 1

*** *** *** *
, 1, 1

*** **
, 1 , 1

0.00750.0584

(0.0163)(0.0188)

, 0.0146 0.0629

(0.0152) (0.0122)

0.7699 0.8098 0.7699 0.9375

(0.0989) (0.0565) (0.0989)

0.9375 0.9375

(0.0143) (0.0143)

   



 



t tt

t e t gg t

z zz

z z z

** *** ***
e, 1 g, 1ee, 1

*** **
g, 1 , 1 , 1

0.0356 0.021410.1874 0.1874

(0.0143) (0.0298) (0.5501)(0.0434) (0.0434)

0.02141 0.1457 0.0356 0.14570.8098 0.9375

(0.5501) (0.1027) (0.0298) (0(0.0565) (0.0143)

 

  

 




.1027)

 

As expected, we find all coefficients of
k t

2

, 1


and
k th  for k = e,g and e = g, 1

statistically significant, indicating 

that the variance of all returns series dynamically evolves in a first order autoregressive moving average (ARMA) 

fashion. We also find statistically significant coefficients of 
th  for k = e,g and e gk, 1  indicating spillover effect in 

volatility. However, the coefficient of cross products of unexpected shocks g t e t, 1 , 1( , ) 
  is not statistically significant 

except for energy sector (XEJ). Regard to asymmetry in conditional variances and co-variances, we find statistically 

significant 
kd  for all k = e,e and some k = g,g indicating that the variance matrix of a given series is influenced 

by the sign of shocks s( ' ). Plainly put, volatility reacts differently to the positive and negative sign of its own 

shocks. This is the first type of asymmetry in volatility described by Kroner and Ng (1998). However, our findings 

are mixed in regard to the other types of asymmetry observed by Kroner and Ng (1998). We find e,g g,ed  and d  are 

statistically significant for some bivariate returns e.g. crude oil- material sector (XMJ), crude oil-industrial (XNJ) and 

crude oil-financial sector (XFJ). In all specifications, we find a b d( ) 1   implying convergence of the model or 

having a finite unconditional variance. Overall, our results suggest that volatility transmits GICS indices from energy 

market. 
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Table-5. Bivariate BEKK GARCH (1,1) Estimates for Crude Oil and GICS Indices 

 XDJ XSJ XEJ XMJ XNJ XFJ XIJ XTJ XHJ XUJ 

Mean equation 

e  0.0019 

(0.0022) 

0.0024 

(0.0022) 

0.0017 

(0.0022) 

0.0023 

(0.0022) 

0.0022 

(0.0022) 

0.0018 

(0.0022) 

0.0018 

(0.0022) 

0.0015 

(0.0022) 

0.0015 

(0.0021) 

0.0020 

(0.0022) 

g  0.0007 

(0.0010) 

0.0023** 

(0.0007) 

0.0033** 

(0.0011) 

0.0035** 

(0.0012) 

0.0020** 

(0.0009) 

0.0016** 

(0.0008) 

-0.0004 

(0.0017) 

-0.0018 

(0.0011) 

0.0025** 

(0.0010)) 

0.0016* 

(0.0009) 

Variance equation 

eec  0.0005*** 

(0.0002) 

0.0004*** 

(0.0001) 

0.0004*** 

(0.0001) 

0.0005*** 

(0.0002) 

0.0005** 

(0.0001) 

0.0005*** 

(0.0002) 

0.0004*** 

(0.0001) 

0.0004*** 

(0.0001) 

0.0005*** 

(0.0002) 

0.0005*** 

(0.0002) 

egc  0.0001 

(0.0000) 

-0.0000 

(0.0000) 

0.0000 

(0.0000) 

0.0001* 

(0.0000) 

-0.0000 

(0.0000) 

-0.0003 

(0.0005) 

-0.0000 

(0.0000) 

-0.0000** 

(0.0000) 

-0.0000*** 

(0.0000) 

-0.0000 

(0.0000) 

ggc  0.0000*** 

(0.0000) 

0.0000** 

(0.0000) 

0.0000*** 

(0.0000) 

0.0004** 

(0.0001) 

0.0001*** 

(0.0000) 

0.0000*** 

(0.0000) 

0.0007*** 

(0.0002) 

0.0000 

(0.0000) 

0.0000** 

(0.0000) 

0.0001** 

(0.0000) 

eea
 

0.0584*** 

(0.0188) 

0.0582*** 

(0.0189) 

0.0589*** 

(0.0186) 

0.0584*** 

(0.0187) 

0.0590*** 

(0.0189) 

0.0584** 

(0.0186) 

0.0589*** 

(0.0188) 

0.0587*** 

(0.0190) 

0.0585*** 

(0.0186) 

0.0588*** 

(0.0188) 

ega  0.0146 

(0.0152) 

0.0253** 

(0.0122) 

0.0989*** 

(0.0157) 

0.0294** 

(0.0147) 

0.0032* 

(0.0017) 

0.0025* 

(0.0014) 

0.0207 

(0.0365) 

0.0324 

(0.0279) 

0.0440 

(0.0388) 

-0.0181 

(0.0354) 

gea
 

0.0075 

(0.0163) 

0.0183 

(0.0272) 

0.0602 

(0.0500) 

0.0748 

(0.0874) 

0.0248 

(0.0250) 

0.0195 

(0.0235) 

0.0195 

(0.0187) 

0.0135 

(0.0154) 

0.0123 

(0.0309) 

0.0286 

(0.0262) 

gga  0.0629*** 

(0.0122) 

0.0415*** 

(0.0127) 

0.1302*** 

(0.0178) 

0.1163*** 

(0.0271) 

0.0736*** 

(0.0144) 

0.0761*** 

(0.0126) 

0.0691*** 

(0.0217) 

0.0298*** 

(0.0094) 

0.0529*** 

(0.0175) 

0.0756*** 

(0.0220) 

eeb
 

0.7699*** 

(0.0989) 

0.7718*** 

(0.0904) 

0.7691*** 

(0.0938) 

0.7652*** 

(0.0951) 

0.7610*** 

(0.0992) 

0.7628*** 

(0.0937) 

0.7699*** 

(0.0904) 

0.7610*** 

(0.0946) 

0.7720*** 

(0.1024) 

0.7693*** 

(0.0917) 

egb  0.8098*** 

(0.0565) 

0.9503*** 

(0.0220) 

0.9223*** 

(0.0260) 

0.9178*** 

(0.0253) 

0.9260*** 

(0.0295) 

0.38885 

(0.6395) 

0.2116 

(0.6217) 

0.9852*** 

(0.0224) 

0.8745*** 

(0.0040) 

0.7473** 

(0.2916) 

geb
 

0.9375*** 

(0.0143) 

0.9330*** 

(0.0168) 

0.8584*** 

(0.0233) 

0.8490*** 

(0.0375) 

0.8971*** 

(0.0216) 

0.9350*** 

(0.0115) 

0.9013*** 

(0.0229) 

0.9644*** 

(0.0098) 

0.9198*** 

(0.0299) 

0.8977*** 

(0.0346) 

ggb  0.9375*** 

(0.0143) 

0.9330*** 

(0.0168) 

0.8584*** 

(0.0233) 

0.8490*** 

(0.0375) 

0.8971*** 

(0.0216) 

0.9350*** 

(0.0115) 

0.9013*** 

(0.0229) 

0.9644*** 

(0.0098) 

0.9198*** 

(0.0299) 

0.8977*** 

(0.0346) 

eed
 

-0.1874*** 

(0.0435) 

-0.1874*** 

(0.0435) 

-0.1874*** 

(0.0435) 

-0.1874*** 

(0.0435) 

-0.1874*** 

(0.0435) 

-0.1874*** 

(0.0435) 

-0.1874*** 

(0.0435) 

-0.1874*** 

(0.0435) 

-0.1874*** 

(0.0435) 

-0.1874*** 

(0.0435) 

egd  -0.0356 

(0.0298) 

-0.0325 

(0.0254) 

-0.0754** 

(0.0381) 

-0.1712*** 

(0.0554) 

-0.0987** 

(0.0470) 

-0.0398*** 

(0.0121) 

-0.0987 

(0.1254) 

-0.0248 

(0.0315) 

-0.0516 

(0.0874) 

-0.1576 

(0.1254) 

ged  0.2141 

(0.5501) 

0.1487 

(0.1987) 

0.0478 

(0.1101) 

0.0365 

(0.0298) 

0.0547 

(0.0791) 

0.1472 

(0.1741) 

0.3352 

(0.4021) 

0.0355 

(0.1412) 

0.0202 

(0.0212) 

0.1014 

(0.0897) 

ggd  0.1457 

(0.1027) 

0.0785 

(0.1247) 

0.1724* 

(0.0985) 

0.1373** 

(0.0667) 

0.0524 

(0.0428) 

0.2157** 

(0.0985) 

0.0987 

(0.1171) 

0.2174 

(0.1403) 

0.1471 

(0.1472) 

0.0387 

(0.1142) 
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The table reports the estimated mean (Equation 1) and parameters of the variance model (Equation 6) of the bivariate return series 
k,t e,t g,tR =(R ,R ) where e,t{R } is returns series of crude oil and 

g,t{R } is the returns series of the ten selected 

GICS indices namely consumer discretionary (XDJ), consumer staples (XSJ), Energy (XEJ), materials (XMJ), industrials (XNJ), f inancials (XFJ), information technology (XIJ), telecom (XTJ), health care (XHJ), and utility sector index (XUJ). 

First rows gives the mean of energy commodities e )( and the second row gives the mean of GICS indices 
g( ). Other rows are estimated parameters of the variance – Equation 6. The next three rows give the constant terms; eec for crude oil, 

ggc for GICS, while 
egc  is the constant term for the equation of covariance between crude oil and GICS sectors. The next four parameters measures the effects of unknown shocks on volatility; ka  measures the effect of own immediate 

unknown shocks (squared innovation k t

2

, 1
 ) on current volatility where k = e,g and e = g and cross product of immediate innovations k t, 1( )


where k = e,g and e  g. Parameters kb  measures the effect of own immediate known 

volatility (lag variance) on current volatility where k = e,g and e = g and known immediate covariance where k = e,g and e  g.  The remaining four parameters measure the asymmetric effects; kd is the asymmetry due to the sign 

of the own innovations where k = e,g and e = g  and due to the sign of the others where k = e,g and e  g.  ***, **, and * indicate significance at 1%, 5%, and 10% respectively. Figures in parenthesis are the robust standard error. 

 
Table-6. Bivariate BEKK GARCH (1,1) Estimates for Natural Gas and GICS Indices 

 XDJ XSJ XEJ XMJ XNJ XFJ XIJ XTJ XHJ XUJ 

Mean equation 

e  0.0003 

(0.0031) 

0.0009 

(0.0032) 

0.0008 

(0.0032) 

0.0007 

(0.0031) 

0.0003 

(0.0032) 

0.0011 

(0.0032) 

0.0006 

(0.0032) 

0.0005 

(0.0032) 

0.0018 

(0.0032) 

0.0013 

(0.0032) 

g  0.0007 

(0.0010) 

0.0022*** 

(0.0007) 

0.0036 

(0.0011) 

0.0033*** 

(0.0012) 

0.0018* 

(0.0009) 

0.0015* 

(0.0008) 

-0.0003 

(0.0016) 

-0.0016 

(0.0011) 

0.0027** 

(0.0010) 

0.0017* 

(0.0009) 

Variance equation 

eec  0.0007** 

(0.0002) 

0.0007*** 

(0.0003) 

0.0007*** 

(0.0002) 

0.0007*** 

(0.0002) 

0.0007*** 

(0.0003) 

0.0007*** 

(0.0003) 

0.0007*** 

(0.0002) 

0.0007*** 

(0.0003) 

0.0007 

(0.0002) 

0.0007*** 

(0.0003) 

egc  -2.32E-06 

(5.90E-05) 

-6.55E-05 

(8.34E-05) 

-3.52E-05 

(0.0001) 

-7.46E-07 

(1.74E-06) 

-1.56E-05 

(5.97E-05) 

5.85E-06 

(1.74E-05) 

-3.07E-05 

(3.62E-5) 

3.78E-06 

(1.42E-5) 

1.07E-06 

(6.91E-7) 

1.70E-05 

(8.04E-5) 

ggc  6.62E-06** 

(3.09E-06) 

2.66E-06* 

(1.47E-06) 

2.67E-05 

(1.3E-05) 

3.15E-5** 

(1.53E-05) 

8.29E-6* 

(3.47E-06) 

2.78E-06 

(1.81E-06) 

5.23E-5** 

(2.01E-5) 

4.80E-06 

(3.45E-5) 

1.17E-05 

(6.96E-06) 

9.05E-06* 

(5.37E-6) 

eea
 

0.2518*** 

(0.0560) 

0.2475*** 

(0.0586) 

0.2456*** 

(0.0580) 

0.2442*** 

(0.0511) 

0.2470*** 

(0.0567) 

0.2514*** 

(0.0584) 

0.2528*** 

(0.0571) 

0.2509*** 

(0.0576) 

0.2514*** 

(0.0595) 

0.2502*** 

(0.0577) 

ega  0.0067 

(0.0301) 

0.1287** 

(0.0507) 

0.0951*** 

(0.0371) 

0.0154** 

(0.0068) 

0.0061 

(0.0258) 

0.0045** 

(0.0023) 

0.0510 

(0.0334) 

0.0153 

(0.0230) 

0.0147 

(0.0091) 

0.0354** 

(0.0145) 

gea
 

0.0067 

(0.0301) 

0.1287 

(0.1507) 

0.0951 

(0.0771) 

0.0154 

(0.0168) 

0.0061 

(0.0258) 

0.0045 

(0.0204) 

0.0510 

(0.0334) 

0.0153 

(0.0230) 

-0.0147 

(0.0091) 

0.0254 

(0.0745) 

gga  0.0629*** 

(0.0122) 

0.0415*** 

(0.0127) 

0.1302*** 

(0.0178) 

0.1163*** 

(0.0271) 

0.0736*** 

(0.0144) 

0.0761*** 

(0.0126) 

0.0691*** 

(0.0217) 

0.0298*** 

(0.0094) 

0.0529*** 

(0.0175) 

0.0756*** 

(0.0220) 

eeb
 

0.6703*** 

(0.0597) 

0.6765*** 

(0.0626) 

0.6737*** 

(0.0618) 

0.6756*** 

(0.0613) 

0.8742*** 

(0.0618) 

0.8719*** 

(0.0614) 

0.8703*** 

(0.0611) 

0.8727*** 

(0.0610) 

0.8704*** 

(0.0627) 

0.8726*** 

(0.0614) 

egb  0.5900** 

(0.0597) 

0.4208 

(0.3004) 

0.7799*** 

(0.1592) 

0.5474*** 

(0.0101) 

0.6001** 

(0.4025) 

0.5622*** 

(0.1132) 

0.6515*** 

(0.1505) 

0.3386*** 

(0.1906) 

0.6541*** 

(0.0072) 

0.1324 

(2.3022) 

geb
 

0.5900** 

(0.0597) 

0.4208 

(0.3004) 

0.2799 

(0.4592) 

0.5474*** 

(0.0101) 

0.6001** 

(0.4025) 

0.5622*** 

(0.1132) 

0.6515*** 

(0.1505) 

0.3386*** 

(0.1906) 

0.6541*** 

(0.0072) 

0.1324 

(2.3022) 

ggb  0.9260*** 0.9535*** 0.8511*** 0.8544*** 0.9138*** 0.9236*** 0.8944*** 0.9638*** 0.9310*** 0.9039*** 
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 XDJ XSJ XEJ XMJ XNJ XFJ XIJ XTJ XHJ XUJ 

(0.0130) (0.0146) (0.0294) (0.0346) (0.0169) (0.0098) (0.0245) (0.0096) (0.0244) (0.0311) 

eed
 

-0.0895** 

(0.0439) 

-0.0895** 

(0.0439) 

-0.0895** 

(0.0439) 

-0.0895** 

(0.0439) 

-0.0895** 

(0.0439) 

-0.0895** 

(0.0439) 

-0.0895** 

(0.0439) 

-0.0895** 

(0.0439) 

-0.0895** 

(0.0439) 

-0.0895** 

(0.0439) 

egd  -0.0547 

(0.0491) 

-0.1325 

(0.1254) 

-0.0754* 

(0.0421) 

-0.1512** 

(0.0713) 

-0.1027** 

(0.0489) 

-0.0398** 

(0.0197) 

0.0258 

(0.0254) 

-0.0421 

(0.0572) 

-0.0741 

(0.1025) 

0.0012 

(0.0124) 

ged  0.2125 

(0.1824) 

0.0987 

(0.1021) 

0.2144 

(0.1987) 

0.2011 

(0.3214) 

0.1142 

(0.0985) 

0.0325 

(0.0341) 

0.0214 

(0.0344) 

0.1254 

(0.1021) 

0.2141 

(0.1657) 

0.1952 

(0.1210) 

ggd  0.1457 

(0.1027) 

0.0785 

(0.1247) 

0.1724* 

(0.0985) 

0.1373** 

(0.0667) 

0.0524 

(0.0428) 

0.2157** 

(0.0985) 

0.0987 

(0.1171) 

0.2174 

(0.1403) 

0.1471 

(0.1472) 

0.0387 

(0.1142) 

The table reports the estimated mean (Equation 1) and parameters of the variance model (Equation 6) of the bivariate return series 
k,t e,t g,tR =(R ,R ) where e,t{R } is returns series of natural gas and 

g,t{R } is the returns series of the ten 

selected GICS indices namely consumer discretionary (XDJ), consumer staples (XSJ), Energy (XEJ), materials (XMJ), industrials  (XNJ), financials (XFJ), information technology (XIJ), telecom (XTJ), health care (XHJ), and utility sector 

index (XUJ). See also the notes under Table 5. 

 
Table-7. Bivariate BEKK GARCH (1,1) Estimates for Coal and GICS Indices 

 XDJ XSJ XEJ XMJ XNJ XFJ XIJ XTJ XHJ XUJ 

Mean equation 

e1  0.0026 

(0.0018) 

0.0029 

(0.0019) 

0.0026 

(0.0019) 

0.0026 

(0.0019) 

0.0031 

(0.0020) 

0.0031 

(0.0019) 

0.0030 

(0.0019) 

0.0012 

(0.0019) 

0.0027 

(0.0019) 

0.0025 

(0.0019) 

g  0.0005 

(0.0010) 

0.0022*** 

(0.0007) 

0.0032*** 

(0.0011) 

0.0032** 

(0.0012) 

0.0019** 

(0.0009) 

0.0016** 

(0.0008) 

-0.0002 

(0.0017) 

-0.0016 

(0.0011) 

0.0028** 

(0.0010) 

0.0018** 

(0.0008) 

Variance Equation 

eec  2.69E-05*** 

(5.47E-06) 

2.60E-5*** 

(5.59E-06) 

2.6E-5*** 

(5.33E-6) 

2.58E-5*** 

(5.30E-06) 

2.57E-5*** 

(5.36E-06) 

2.55E-5*** 

(5.29E-06) 

2.64E-5** 

(5.45E-06) 

2.84E-5** 

(5.78E-6) 

2.51E-6*** 

(5.26E-06) 

2.60E-5*** 

(5.30E-06) 

egc  -2.32E-06 

(9.09E-07) 

5.45E-07 

(4.30E-06) 

4.10E-05 

(0.0002) 

1.08E-06 

(1.48E-06) 

5.46E-07 

(2.03E-06) 

1.15E-06 

(9.28E-06) 

1.58E-05 

(3.45E-05) 

2.07E-07 

(1.11E-6) 

1.94E-06 

(4.67E-06) 

1.04E-05 

(1.48E-05) 

ggc  5.50E-06** 

(2.76E-06) 

2.83E-06* 

(1.57E-06) 

2.73E-05** 

(1.38E-05) 

3.39E-05** 

(1.60E-05) 

8.28E-06** 

(3.50E-06) 

3.30E-06* 

(1.90E-06) 

4.80E-5** 

(1.70E-05) 

5.53E-06 

(3.67E-6) 

1.19E-05* 

(7.14E-06) 

8.78E-06* 

(5.10E-06) 

eea
 

0.0169*** 

(0.0034) 

0.0177*** 

(0.0038) 

0.0178*** 

(0.0035) 

0.0166*** 

(0.0033) 

0.0173*** 

(0.0034) 

0.0176*** 

(0.0034) 

0.0186*** 

(0.0036) 

0.0191*** 

(0.0039) 

0.0177*** 

(0.0035) 

0.0189*** 

(0.0037) 

ega  0.0445 

(0.0114) 

0.0090 

(0.0296) 

0.0225** 

(0.0092) 

0.0217 

(0.0207) 

0.0020 

(0.0181) 

0.0537 

(0.0352) 

0.0410 

(0.0586) 

0.0051 

(0.0077) 

0.0023 

(0.0185) 

0.0583 

(0.0434) 

gea
 

0.0445 

(0.0314) 

0.0090 

(0.0296) 

0.0225 

(0.0923) 

0.0217 

(0.0207) 

0.0020 

(0.0181) 

0.0537 

(0.0352) 

0.0410 

(0.0586) 

0.0025 

(0.0077) 

0.0023 

(0.0185) 

0.0583 

(0.0434) 

gga  0.0620*** 

(0.0116) 

0.0419*** 

(0.0137) 

0.1300*** 

(0.0209) 

0.1133*** 

(0.0272) 

0.0765*** 

(0.0157) 

0.0750*** 

(0.0128) 

0.0663** 

(0.0209) 

0.0314*** 

(0.0102) 

0.0521*** 

(0.0179) 

0.0774*** 

(0.0219) 

eeb
 

0.9705*** 

(0.0055) 

0.9708*** 

(0.0056) 

0.9707*** 

(0.0053) 

0.9719*** 

(0.0053) 

0.9713*** 

(0.0053) 

0.9711*** 

(0.0053) 

0.9698*** 

(0.0056) 

0.9677*** 

(0.0061) 

0.9731*** 

(0.0054) 

0.9698*** 

(0.0055) 
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 XDJ XSJ XEJ XMJ XNJ XFJ XIJ XTJ XHJ XUJ 

egb  0.8458** 

(0.0050) 

0.8743*** 

(0.2309) 

0.6015 

(0.6439) 

0.6769*** 

(0.0304) 

0.7584*** 

(0.0839) 

0.7504*** 

(0.2167) 

0.7491* 

(0.4040) 

0.8814*** 

(0.0162) 

0.6414*** 

(0.0767) 

0.7735*** 

(0.1910) 

geb  
0.8458** 

(0.0050) 

0.8743*** 

(0.2309) 

0.6015 

(0.6439) 

0.6769*** 

(0.0304) 

0.7584*** 

(0.0839) 

0.7504*** 

(0.2167) 

0.7491* 

(0.4040) 

0.8814*** 

(0.0162) 

0.6414*** 

(0.0767) 

0.7735*** 

(0.1910) 

ggb  0.9283*** 

(0.0122) 

0.9524*** 

(0.0156) 

0.8506*** 

(0.0302) 

0.8566*** 

(0.0353) 

0.9113*** 

(0.0175) 

0.9229*** 

(0.0099) 

0.8999*** 

(0.0230) 

0.9608*** 

(0.0105) 

0.9296*** 

(0.0250) 

0.9033*** 

(0.0297) 

eed
 

0.0247 

(0.0897) 

0.0247 

(0.0897) 

0.0247 

(0.0897) 

0.0247 

(0.0897) 

0.0247 

(0.0897) 

0.0247 

(0.0897) 

0.0247 

(0.0897) 

0.0247 

(0.0897) 

0.0247 

(0.0897) 

0.0247 

(0.0897) 

egd  -0.1024 

(0.1298) 

-0.2210 

(0.2541) 

-0.1121* 

(0.0653) 

-0.0210 

(0.0300) 

-0.0687 

(0.0570) 

-0.0154* 

(0.0093) 

-0.0220 

(0.0192) 

-0.0754 

(0.0987) 

-0.3541 

(0.2510) 

0.0254 

(0.0320) 

ged  0.1142 

(0.0985) 

0.0425 

(0.0541) 

0.0277 

(0.0415) 

0.1351 

(0.1021) 

0.2051 

(0.1754) 

0.1952 

(0.1210) 

0.1487 

(0.1987) 

0.0548 

(0.1121) 

0.0478 

(0.0521) 

0.0647 

(0.0591) 

ggd  0.1457 

(0.1027) 

0.0785 

(0.1247) 

0.1724* 

(0.0985) 

0.1373** 

(0.0667) 

0.0524 

(0.0428) 

0.2157** 

(0.0985) 

0.0987 

(0.1171) 

0.2174 

(0.1403) 

0.1471 

(0.1472) 

0.0387 

(0.1142) 

The table reports the estimated mean (Equation 1) and parameters of the variance model (Equation 6) of the bivariate return series 
k,t e,t g,tR =(R ,R ) where e,t{R } is returns series of coal and 

g,t{R } is the returns series of the ten selected GICS 

indices namely consumer discretionary (XDJ), consumer staples (XSJ), Energy (XEJ), materials (XMJ), industrials (XNJ), financials (XFJ), information technology (XIJ), telecom (XTJ), health care (XHJ), and utility sector index (XUJ). See also 

the notes under Table 5. 
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4.1 Implications of the Study on Portfolio Formation and Hedging 

GICS Sector indices and commodities are popular investment choices for investors. Kroner and Ng (1998) 

mention that the time-varying covariance estimation is crucial for asset pricing, portfolio selection and risk 

management –the core tasks in finance. Given the estimated time-varying co-variances between energy returns and 

GICS sectors returns obtained in the previous section, now we calculate optimal portfolio weights for each GICS 

sector in a portfolio their hedge ratios. We consider a portfolio of two assets comprising (i) any of the three energy 

commodities namely crude oil, natural gas or coal, and (ii) one of the ten GICS sectors index. The conditional 

variance of the portfolios is given by Equation (9):  

x t e t ee t g t gg t e t g t eg tH w h w h w w h2 2 2 2

, , , , , , , ,2               (9) 

Where x tH , is the conditional variance a portfolio x at time t, 
e gw  and w are the weights of the commodity and GICS 

index respectively while
ee,t gg,th  and h  are their conditional variances and 

eg th ,
 is the conditional covariance 

deciphered from Equation (6) as under: 

t ee ee t eg ee g t e t eg t ee ee t

eg ee ge t eg gg t ee t eg ee t e t eg gg t

gg t eg gg ge t gg eg g t e t gg t

h c a a a a b h

b b h b h d z d d z z d z

h c c a a a a b

2 2 2 2 2 2

ee, e, 1 , 1 , 1 g, 1 , 1

2 2 2

, 1 , 1 ee, 1 g, 1 , 1 , 1

2 2 2 2 2 2

, e, 1 , 1 , 1 g, 1

2 ,

2 2

2 ,

   

   

    

     

   

    

    

      ge ee t gg eg ge t gg gg t

ge t gg eg t e t gg gg t

eg t eg ee ge ee t gg ee g t e t ge e t g t gg ge t ge ee ee t

gg ee ge t ge eg t

h b b h b h

d z d d z z d z

h c c a a a a a a a b b h

b b h b h

2 2

, 1 , 1 , 1

2 2

ee, 1 g, 1 , 1 , 1

2 2 2

, e, 1 , 1 , 1 , 1 , 1 g, 1 , 1

2

, 1 , 1

2

2

, ,     

  

   

      

 

 

  

     

   gg ge gg t ge ee t gg ee t e t eg t e t gg ge gg tb b h d d z d d z z d z z d d z2

, 1 ee, 1 g, 1 , 1 g, 1 , 1 , 1      
   

(10) 

We do not allow short selling, hence, all weights are non-negative and they must sum to one. Weights are 

calculated using Kroner and Ng (1998) formula as under: 

gg t eg t

g t

ee t eg t gg t

h h
w

h h h

, ,

,

, , ,

1 ( )
2


 

 
                (11) 

where 
g tw ,

is the weight for a GICS sector in a portfolio that minimizes variance (risk). 

 

The optimal portfolio weights are given in Table 8. Only the weights of GICS sectors are reported. Here, the 

investors have a total of $1 invested in one energy commodity and one GICS sector. For example, in the consumer 

discretionary and crude oil portfolio, the investor should hold 34 cents in consumer discretionary and 66 cents in 

crude oil for a risk-minimizing portfolio.     

The results reveal that investors have relatively high investments in GICS sectors when one sector is combined 

with an investment in coal. In the portfolio of coal and one GICS sector, the sector has a weight of 60–70% on 

average. When the portfolio combines crude oil and a GICS sector, crude oil has the major portion of investment 

except in the cases of telecom and utilities, where telecom and utilities receive 86% and 60% of the dollar. Again, 

when the portfolio combines natural gas and one GICS sector, all sectors should have an investment of less than 40%, 

especially IT and health, which should have 11% and 8% respectively.  

Hedging is an important aspect of risk management. In conventional hedging strategy, investors assume constant 

risks or unconditional covariance between assets. Kroner and Sultan (1993) find this assumption is not realistic, and it 
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is deemed problematic for optimal hedging. They address this problem by using time-varying conditional volatility, 

and calculate the hedge ratio of two assets as given in the following equation: 

eg t

t

gg t

h

h

,

,

              (12) 

where 
t  is the risk-minimizing hedge ratio for two assets at time t, 

theg,
 is the conditional covariance between an 

energy commodity and a GICS sector index and 
thgg,
 refers to the conditional variance of the GICS sector returns. 

The estimated hedge ratio implies a $1 short position in GICS sectors while taking a $1 long position in energy 

commodities.  

Table-8. Optimal Portfolio Weights and Hedge Ratios 

 

GICS sectors 

Crude oil Gas Coal 

Weight Ratio Weight Ratio Weight Ratio 

Consumer discretionary 0.3374 0.5627 0.2191 0.6371 0.6118 0.9111 

Consumer staples 0.3599 0.4785 0.3328 0.4413 0.5527 0.9180 

Energy 0.3091 0.7174 0.4142 0.3287 0.5972 0.7071 

Materials 0.1688 0.8341 0.3104 0.6407 0.7098 0.9070 

Industrials 0.2477 0.7170 0.2116 0.6566 0.5820 0.8322 

Financials 0.3354 0.5598 0.2488 0.6087 0.5613 0.8131 

Information Technology 0.1111 0.7835 0.1060 0.7284 0.5941 0.8324 

Telecom 0.8625 0.8354 0.3550 0.3513 0.5208 0.9174 

Health 0.1051 0.7834 0.0867 0.7026 0.5351 0.6899 

Utilities 0.6020 0.8563 0.4163 0.1465 0.6020 0.8563 

This table reports portfolio weights and hedge ratios based on equations (11) and (12). In a portfolio or hedging, only two assets are considered at 

once: one from energy and one from the GICS sectors. 

 

Table 8 also presents the hedge ratio for the GICS sector when taking a long position in crude oil, gas or coal. 

The results reveal that the hedging strategy is expensive, in comparison to the findings of Hammoudeh et al. (2009) 

and Hassan and Malik (2007). In our case, we need to take a short position of 80 to 90 cents in GICS sectors; 

Hammoudeh et al. (2009) have a short position of 66 cents on average. Our results imply that hedging is not suitable 

for taking a short position in GICS sectors in Australia. The hedging strategy becomes effective when the long 

position is covered by a relatively small position in the short. For example, by following the hedging strategy, one 

dollar long in crude oil should be shorted by 56 cents in the consumer discretionary sector in the Australian stock 

market. When taking a long position in oil, financials provides an effective hedge by offering a short position of 55 

cents. On the other hand, energy, telecom, and consumer staples are relatively cheap in providing a hedge position, 

with natural gas in the long position. With coal, all the sectors are deemed to be expensive in hedging, since all GICS 

sectors need to be shorted at a relatively higher position.  

 

5. CONCLUSION 

There is a void in the literature on asymmetric volatility transmissions from the energy market to the stock 

market. The few studies on volatility transmission from the energy market to the stock market are directed only to 

crude oil; no study distinguishes between negative and positive shocks in volatility. This reserach investigates the 

asymmetric transmission of volatility and shocks in the crude oil, natural gas and coal markets to sectors of the 

Australian stock market. Our analysis uses weekly data from January 2003, to December 2015.  

Our results find that volatility transmits from the energy market to the sectors of Australian stock market; 

however, the converse is not evident. Among the energy commodities, oil, and natural gas are more important than 

coal for the Australian stock market since a relatively higher number of sectors are affected by volatility transmission 

from crude oil and natural gas than of coal. Not every sector is affected by shocks in the energy market. The results 
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find that shocks initiated in the energy market transmit mainly to the energy intensive sectors of energy, materials, 

and consumer staples and financial sectors. The asymmetric response is apparent, suggesting that positive and 

negative shocks in the energy market are not equally transmitted to the Australian stock market. The results suggest 

that positive shocks in crude oil and natural gas impact on the material, energy, and financial sectors. Positive and 

negative shocks in the coal market are not distinctive. In terms of the effect of unexpected news from the oil, gas and 

coal markets, only the energy and material sectors are responsive to these shocks. The consumer staples sector is only 

responsive to unexpected news from the natural gas market. The financial and industrial sectors are not responsive to 

shocks from the energy markets because of the effective risk management strategies taken in these sectors. The 

volatility of crude oil, natural gas, and coal returns, and of all GICS sector returns, are affected by their own lagged 

volatility and own unexpected shocks.            

Nowadays, sector index investing is popular, and energy commodities also play an important role in portfolio 

diversification. Since the covariance between two assets is an important consideration for portfolio construction, 

research into volatility transmission and conditional covariance between the energy and stock markets provides 

important insights to investors and market participants. Our results are both useful and timely in providing important 

information on how specific GICS sectors in Australia behave, and how they interact with the international energy 

markets. Overall, the findings of this study contribute to building accurate asset pricing models, risk management, 

hedging and trading policies.  
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