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Volatility and the Hedging Effectiveness of China Fuel Oil Futures 

1 Introduction 

China is the largest consumer of fuel oil in Asia. Its fuel oil demand has increased 

dramatically with her rapid economic growth. In 2004, she imported 30 million tonnes 

of fuel oil, compared with a figure of only 6 million tones in 1995. Since 2004, the 

demand for fuel oil in China has continued to decline, but it remains large. Since 

domestic supply is limited, demand has had to be satisfied to by substantial imports: 

the latter amounting to 50% of her fuel oil consumption in recent years.  

In recent years, the fluctuation of fuel oil prices has posed a large risk to those 

companies that trade in or consume large volumes of fuel oil. Volatile fuel prices 

make budgeting difficult. The potential increase in fuel costs may exceed the profit 

margin of the business: and this has happened to domestic small oil refineries in 

Guangdong Province, which takes 80% of China’s fuel oil imports. There are times 

when the sales price may fall short of the import prices and therefore generate losses 

in those oil refinery firms. As risk management has become one of the most important 

objectives for enterprises, hedging of the extensive oil price risk has become of 

paramount importance to those firms. Futures markets are the most widely used 

vehicles for hedging: taking opposite positions in the spot and futures two markets to 

offset the price their movements.  

The market for fuel oil is regarded as being the least government controlled in 

China and so, 25 August 2004, saw the launch of fuel oil futures at the Shanghai 

Futures Exchanges (SHFE). Since then, it has successfully attracted many domestic 

investors, and the trading of fuel oil futures has increased continuously. According to 

SHFE’s position-hold list, the majority of fuel oil importers and some end-user have 

participated in trading. Among them, speculators hold the majority of long positions, 

while the bulk of short positions are held by physical players in oil market who trade 

in the futures market with the main aim of hedging the risks of trading in the physical 

market.  

Fuel oil spot and futures prices are portrayed in Figures A.1 and A.2 in the 
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Appendix.1. Both spot and futures prices are trending upward. As the China fuel oil 

futures is the only oil futures product in the Chinese market, it is not surprising that 

trading in that market is increasing, especially against the background of the recent 

turmoil in the oil market.  

There are other reasons, naturally, why the fuel oil futures have become a 

popular tool for hedging. First, unlike the spot market with its strict short selling 

restriction, investors can short sell the futures contracts as well as go long in them. 

Second, in common with other commodity futures, fuel oil futures provide low 

transaction costs compared with trading in physical products. Third, the higher 

leverage that can be used in futures trading can create possible speculative gains 

(losses) from relatively small amounts of investment.  

Hence, in this study, we examine the effectiveness of China fuel oil futures in 

hedging a domestic spot position. In addition to the domestic hedging, this study also 

investigate the cross hedging of China fuel oil futures in hedging a corresponding spot 

position in the Singapore market. The fuel oil markets in Singapore and China are 

closely related, and the fuel oil spot price in Singapore is an important indicator for 

the pricing of China fuel oil futures. Singapore provides around 30% of China’s fuel 

oil imports. According to a survey conducted by the National Statistics Bureau, 70% 

of the China fuel oil prices are determined by prices in the Singapore market. The 

Platts 180CST fuel oil has a quality that is closest to the fuel oil that underlies the fuel 

oil futures. It is the main constituent in MOPS (the mean of the Platts Singapore), the 

benchmark for Singapore’s fuel oil price, as well as the benchmark for that price in 

China. Moreover, Singapore, as Asia’s main bunkering port, has decades of trading 

experiences together with integrated and expanding network of refineries and storage 

facilities. Its fuel oil market is more liberated than that of China. Though China is 

ambitious to shrug off Singapore’s dominance and establish its own pricing system for 

fuel oil, which inevitably will take time. Investigating the cross hedging of China fuel 

oil futures in the Singapore market can shed light on the usefulness of China fuel oil 

                                                        
1 The Huangpu physical price is used as the representative of fuel oil spot price in 

China. This is explained in the Data section.  
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futures in the international market.  

Academic studies of China’s fuel oil futures market are limited. To the best of 

our knowledge, this is the first study to explore the hedging strategies and hedging 

effectiveness of the China fuel oil futures, in both domestic hedging as well as cross 

hedging in the Singapore market. Moreover, most applications of time-varying models 

of hedging have imposed constant variance or dynamic conditional variance with 

GARCH process, where positive or negative shocks have the same impact on the 

conditional volatility. So far, only Switzer and El-Khoury (2006) have incorporated 

asymmetries in volatility in the oil market to derive optimal hedge ratios. We also 

incorporate asymmetric information in volatility. Further, unlike almost all  studies of 

hedging effectiveness, we have specifically included the test of equality for means and 

variances of the hedged portfolios, to see if any significant changes exist in the mean 

and variance of the hedged portfolio (measured according to Ederington, 1979) when 

it is constructed under different hedging models (following Ford et al., 2005).  This is 

relevant since most studies use estimates of hedging effectiveness over the sample 

period itself: that is, one value.  

Additionally, and importantly, we also estimate our models over a set of out-

of-sample observations. We do by up-dating continually the variance-covariance 

matrices, as the original sample size is increased. This permits us to construct time 

series of the variance reductions of the alternative models.  

Furthermore, for both the in-sample and out-of-sample comparisons of the 

hedged portfolios, we use two other criteria. The one is the reduction in the semi-

variance of the portfolio from hedging compared with not hedging, which is a 

measure of downside risk; and the other is the maximum expected utility that a given 

portfolio promises. The one has not figured in work on hedging in oil markets so far 

as we are aware; though the other, maximisation of expected utility has figured in 

published work.  

The remainder of this paper is organized as follows. Section 2 details 

theoretical frameworks for deriving optimal hedging ratios and various criteria for 

evaluating hedging performance. In Section 3, we describe our methodology. The data 

and their properties are considered in Section 4. Empirical results for dynamic and 
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constant variance models are provided in Section 5. In Section 6 we present efficiency 

tests and hedging analysis for in-sample; and in Section 7 we measure the hedging 

effectiveness of the models under the different criteria for hedging in China’s and 

Singapore’s spot markets. In Section 8 we summarise the out-of-sample estimates of 

the variance-covariance matrices from the alternative models, and evaluate their 

hedging performance for the two markets. A summary and conclusions are provided 

in section 9.  
 
2. Hedging ratios and alternative criteria for their derivation: and the evaluation 

of hedged portfolios 

 

Obviously, a key theoretical consideration is the determination of the optimal hedge 

ratio (OHR), which depends on the particular objective function of the hedger.2 Many 

different objective functions have appeared in the theoretical literature but not all of 

these can be employed in empirical work, since they do not allow for exact 

mathematical and testable formulae for the optimal ratio.  

One of the most widely-used hedging strategies is to employ a minimum-

variance (MV) framework, which is based on minimisation of the variance of the 

hedged portfolio (e.g., see Ederington, 1979; Johnson, 1960; Myers & Thompson, 

1989). For several reasons the minimum-variance framework has become the 

benchmark in the hedging literature. First, its hedge ratio is optimal for exceptionally 

risk averse traders (Ederington, 1979; Kahl, 1983). Second, as has been verified in 

several empirical studies (for example, Baillie and Myers, 1991; Martin and Garcia, 

1981) the MV hedge ratio is still optimal when futures markets are unbiased. 

However, one drawback is that the MV hedge ratio completely ignores the expected 

                                                        
2 We note first of all that the simplest and perhaps the most widely approach to 

managing risk is hedging by means of futures contracts, such that investors simply 

measure the position in the underlying asset and take an equal but opposite position in 

the futures contract to hedge risk. This method is usually referred to as a naïve 

approach. As a result of empirical studies, it is realized that for effective hedging, 

investors need to determine the proportions of spot to futures positions for an asset.  
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return of the hedged portfolio. Therefore, this strategy generally does not coincide 

with that derived from the mean-variance framework unless the individuals are 

infinitely risk averse or futures prices follow a pure martingale process (i.e., expected 

futures price change is zero) (Chen et al., 2003). Furthermore, the minimum variance 

hedge ratio has been criticized because it accords equal weight to negative and 

positive returns, whereas investors may concern more about the variability in losses 

rather than in gains.3  

As a result, strategies that incorporate both the expected return and risk 

(variance) of the hedged portfolio, and strategies that allowed for the possible 

asymmetry in upside and downside risk, were developed. For the former, these 

strategies can be consistent with a mean-variance expected utility framework (e.g., see 

Cecchetti, Cumby, & Figlewski, 1988; Howard & D’Antonio, 1984; Hsin, Kuo, & 

Lee, 1994).4 The maximisation of expected utility approach (e.g., Cecchetti et al., 

1988; Lence, 1995, 1996) requires the use of a specific utility function and specific 

return distribution. It can be shown that if the futures price follows a pure martingale 

process, then the optimal mean-variance hedge ratio will be the same as the MV 

hedge ratio. The latter strategies consist of minimisation of the mean extended-Gini 

(MEG) coefficient hedge ratio (e.g., see Cheung, Kwan, & Yip, 1990; Kolb & 

Okunev, 1992, 1993; Lien & Luo, 1993a; Lien & Shaffer, 1999; Shalit, 1995), and the 

generalized semi-variance (GSV) or lower partial moments (e.g., see Chen, Lee, & 

Shrestha, 2001; De Jong, De Roon, & Veld, 1997; Lien & Tse, 1998, 2000). Most 

recent developments are the VaR (Value at Risk) hedge ratio proposed by Hung, Chin 

and Lee (2006) and Cotter and Hanly (2006).  
                                                        
3 A survey by Adams and Montesi (1995) points out that corporate managers care 

about the “downside risk” much more than the “upside potential”. Investors adopting 

a hedging strategy may wish to keep the upside potential whilst eliminating the 

downside risks.  
 
4 An oft-used mean-variance trade-off criterion is the Sharpe (1994) ratio. A major 

problem with the latter, as pointed out by Chen et al. (2001), is that it is a highly non-

linear function of the hedge ratio.  
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Here we have used these criteria to determine the optimal hedge ratios: (1) the 

variance reduction; (2) maximization of expected utility; and, (3) the minimization of 

the semi-variance. These provide a cross-section of the criteria mentioned in the 

preceding paragraph, but in addition there are cogent reasons for doing so.  

First, the variance reduction criterion is the most widely used in the literature. 

It does have several shortcomings including, as noted above, it makes no allowance 

for the expected mean, and assigns equal weight to positive and negative returns. The 

other two criteria are employed to address these issues. The expected utility 

maximization criterion is used to account for the risk and return trade-offs of the 

hedged portfolio. Meanwhile, because there is a risk aversion parameter in the 

expected utility function, this criterion also takes into account investor’s risk 

preference. The risk reduction based on semi-variance hedging performance 

evaluation criterion addresses the issue of downside risk for the investor. Most actual 

investors (as noted in an earlier footnote) tend to avoid the downside risk but want to 

maintain the upside potential.  

Second, as shown in the later sections, our empirical estimates show that the 

futures prices follow a martingale process. In that eventuality, since the expected 

futures return is zero, both the Sharpe hedge ratio and VaR hedge ratio will be 

identical with the MV hedge ratio.  

Third, in theory, the hedge ratio in the (maximize) expected utility approach 

reduces to the MV hedge ratio when the expected value of futures return is zero. 

However, here we still derive and examine the hedging effectiveness of different 

hedging strategies using the expected utility approach by incorporating the actual 

(expected) mean futures returns of the sample being examined. We do so because, 

although those values are statistically not different from zero, excluding the constant 

term in the mean equation of the models5 prevents convergence of the estimations. 

Thus we retain the actual intercept value in deriving the hedge ratios under the 

expected utility criterion. As the intercept value is very close to zero, the hedge ratios 
                                                        
5 We specify the different models in the next section; but we might note here for the 

sake of clarity that the mean equation for the futures returns basically are constants 

with random errors.   
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derived under that criterion will only differ slightly from those derived under MV 

criterion, as will their rankings. However, adopting this strategy enables us to examine 

the effect of the investors’ risk aversion on hedge ratios and on the consequent levels 

of expected utility.  

Fourth, although the futures prices follow a martingale process, the spot and 

futures price series are not jointly normally distributed. MEG and M-MEG hedge 

ratio, GSV and M-GSV hedge ratio should be different from the MV hedge ratio. 

However, the hedge ratios under those objective functions cannot be found 

mathematically, or could be very difficult to calculate because the complexity of the 

mathematical methods. Most studies of those objective functions use approximations. 

Accordingly, we only examine one special case, that is, the semi-variance criterion, 

where MV hedge ratio is used as the surrogate for its hedge ratio: and assess the 

resultant impact on downside risk.  

 

3 Methodology: Hedge ratios and GARCH models 

 

3.1  Hedge ratios, hedging effectiveness in- and out-of-sample 

Assume that an investor purchases one unit of the commodity on the spot market and 

shorts (short sells) 1−tβ  units of the futures at time t-1, the return on the hedged 

portfolio, at time t, is:  

tttt fsR 1−−= β                                                                                                            (1) 

In equation (1), ts and tf are the returns, respectively, from one unit of spot and 

futures contracts. Those returns are the change in the logarithms of the prices in the 

two markets. The 1−tβ , of course, are the hedge ratios. We now turn to these within the 

three approaches that we have used in this paper.   

For the variance minimisation criterion (MV), the hedge ratio 1tβ
∗
−  will be: 

(i) For the constant beta model  
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Where, t̂h  is the conditional variance estimated at time t-1. 

Under the “expected utility” maximisation criterion (following Kroner and 

Sultan (1993)) the hedger is assumed to choose the hedge ratio that maximizes:  

(i) For a constant model 

( ) ( ) ( )t t t t tE U R E R Var Rγ= −                                          ( 4 ) 

(ii) For the dynamic models 
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Where *
1t t t tR s fβ −= − , is the return of the hedged portfolio, and γ  is the coefficient of 

risk aversion. Equation (5) gives:  
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There is an additional term in 1tβ
∗
−  compared to equation (3) for the MV criterion, 

which describes the speculative demand for futures which reflects the mean and 

variance trade-off from the un-hedged futures position, as well as the investors’ 

attitude towards risk.    

Consider now the derivation of the optimal hedge ratio when the investor’s 

objective is to minimize semi-variance of the chosen portfolio. The semi-variance 

assumes that the positive and negative returns are distributed asymmetrically. Should 

that be so, there will be no difference between minimising the semi-variance and 

minimising the variance, since the semi-variance is then just half of the variance. 
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However, when the residuals are not normally distributed, the use of maximum 

likelihood to estimate the GARCH and constant beta models is not appropriate. Under 

such circumstance, derivation of the optimal hedge ratios under the semi-variance 

minimisation criterion is impossible, or can only be accomplished by incorporating 

very complex methods6. As a result, most recent literature has used the MV hedge 

ratio to approximate that of the semi-variance (e.g. Cotter and Hanly, 2005, 2006). 

Therefore, we also use the MV hedge ratios as an approximation and on that basis we 

examine the hedging performance of those competing models in reducing downside 

risk.  

The hedging effectiveness of the different models is examined in both in- and 

out-of-sample periods. The traditional approach measures that effectiveness as the 

percentage reduction in the variance of the hedged position in comparison to the un-

hedged position (Ederington, 1979), following the work of Working (1953, 1962), 

Johnson (1960) and Stein (1961). Simply, hedging effectiveness (κ ) is measured as: 

( ) ( )
( )

Var H Var U
Var U

κ −
=                                                                                                                (8) 

Where ( ) ( )tVar U Var s= , and *
1( ) ( )t t tVar H Var s fβ −= − .  

The variance reduction is on an average basis over the whole of the in-sample 

and out-of-sample period and at each day during that latter period. The model that 

records the highest percentage variance reduction would be the one considered to be 

the most effective. Unlike most of the existing literatures, following Ford et al. 

(2005), we also include equality tests for the means and variances of the hedged 

portfolio to see if there is any significant divergence between the means and variances 

of the hedged portfolio derived from the different hedging models.  

The expected utility comparisons in assessing the comparative performance of 

the models for both in- and out-of-sample hedging strategies are based on the values 

of obtained from using Eq. (4) and (5). In terms of expected utility the comparison is 

                                                        
6 For example, kernel density estimation method was used by Lien and Tse (2000), 

and the conditional heteroskedastic model was employed by Lien and Tse (1998) to 

estimate the optimal hedge ratios. 
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based on: (a) the average of expected utility values over of the forecast period; and, 

(b) on the time path of expected utility values over each day of the forecast period. 

Equality tests for the means and variances of the hedged portfolio under the risk 

minimisation criterion are employed as well.  

The risk reduction based on the semi-variance is evaluated using equation (8) 

with appropriate change of Variance to Semi-variance. As with the variance reduction 

criterion, so with the semi-variance risk reduction, where the competing beta 

specifications (constant or time varying) are assessed on both their average reduction 

in the semi-variance over the in-sample and over the time path of the forecast period.  

One final point concerns the computation of hedging ratios in the out-of-

sample period. Unlike the in-sample hedge ratios which are calculated from the 

conditional variance and covariance, the computation of the out-of-sample hedge 

ratios is more complicated. Those ratios are computed for the time-varying betas, by 

using the parameters obtained from the in-sample estimation and up-dating them, and 

hence tH (we recall that this is the variance-covariance matrix for the returns in the 

two markets), continuously in the out-of-sample period. Therefore, the out-of-sample 

hedge ratios are based on all information that is available at the time each the hedging 

decision is made. The predicted hedged portfolio returns are then continuously 

updated.  

 

3.2  Estimation of Optimal Hedge Ratios: GARCH and TGARCH models 

To derive the time-varying OHRs for China fuel oil futures, we estimate Bi-variate 

GARCH(1,1) and TGARCH(1,1) models to capture time-varying second moment 

effects in the joint distribution of spot and futures returns. TGARCH models were 

used because of the possibility of capturing the measure of any asymmetric 

information effect. Thus we compare five models, Bi-variate GARCH(1,1) general 

and diagonal, Bi-variate TGARCH(1,1) general and diagonal,  and the traditional 

constant beta model.  

A general representation of the joint distribution of spot and futures returns 

used can be expressed as (Ford, et al, 2005):   
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),0(~|; 1 ttttttttt HNVGECy −Ω++++= εεζωκµ                                    (9) 

Where ( , ) 't t ty f s=  is a vector of observations on the spot and futures returns (log-

differenced price series), ( , ) 't st ftµ µ µ=  is a vector of conditional means to be 

estimated and ( , ) 't ft stε ε ε=  is a vector of residuals. ω  and ζ  are column vectors of 

parameters,; EC is the error correction term from any cointegrating relationship 

between the two prices; G is a (2 2)×  diagonal matrix with conditional variance terms 

from GARCH(1,1) on the diagonal. The term Vζ  represents the possible variables 

that can determine the returns of spot and futures, multiplied by their parameters. The 

inclusion of the error correction term is due to the important role that any 

cointegration between spot and futures prices can play in determining optimal hedge 

ratios. Ghosh (1993) and Lien (1996) argued that if spot and futures prices are 

cointegrated and the resultant error-correction term is not included in the regression, 

minimum variance hedge ratio estimates are biased downwards due to mis-

specification.   

We assume that the residuals are normally distributed and are conditional on 

past information, 1t−Ω , with zero mean vector and with conditional variance-

covariance matrix:  

1 1 1t t t tH C C A A B H Bε ε− − −
′′ ′ ′= + +                                                                                           (10) 

Where C, A and B are (2 2)×   parameter matrices. This is the Bi-variate GARCH(1,1) 

setting. The conditional variance and covariance matrix tH  is estimated recursively 

and must be a positive definite matrix for all possible evaluations of , 1i tε − . In addition, 

the GARCH process must be stationary. Various parameterizations of the multivariate 

GARCH process have been proposed (see Engle and Bollerslev, 1986). In this study, 

we adopt the parameterization introduced by Engle and Kroner (1995), henceforth the 

BEKK representation, which defines the C matrix to be lower triangular to ensure that 

the conditional covariance matrix is positive definite. In explicit format (which we 

provide since the estimates of the parameters in the following section are presented 
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using this notation), the conditional-variance and covariance matrix H is: 
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Clearly, the system can be estimated with no restrictions on H  and in that case 

we refer to this as the general model. The diagonal model proposed by Bollerslev, 

Engle and Wooldridge (1988) restricts the off-diagonal elements of A and B to be 

zero, so that the null hypothesis is 0: 211221120 ==== bbaaH . Covariance 

Stationary of the GARCH(1,1) process requires the eigenvalues of ( )A A B B⊗ + ⊗  to 

be less than one in modulus7 (See Engle and Kroner, 1995). 

The static, or constant (beta), model arises when all elements of A and B are 

null matrices. The hedge ratio that the static model produces is equivalent to that 

obtained by using traditional OLS estimation. The general, diagonal and constant 

models constituted a nested set, their competing structures are evaluated by likelihood 

ratio tests.  

The above general and diagonal models impose symmetry on the responses of 

volatility to positive or negative shocks. We also examine the possibility that there are 

asymmetric effects of oil futures by employing the TGARCH specification. For 

example, El-Khoury (2006) suggests that incorporating the asymmetric effect could 

                                                        
7 For the Bi-variate GARCH(1,1) model, 1 1 1H C C A A B H Bt t t tε ε ′′ ′ ′= + +− − − , hence we 

have '( ) ( ' ) ( ) ( ) ( ) ( )1 1 1h vec H vec C C A A vec B B vec Ht t t t tε ε= = + ⊗ + ⊗− − − . It follows that the 

unconditional covariance matrix is 1[ ( ) ( )] ( )I A A B B vec C C− ′− ⊗ − ⊗ .  For the diagonal 

model, the stationarity condition can be reduced to: 2 2 1, 1, 2a b iii ii+ < = , since the 

eigenvalues of a diagonal matrix are simply the elements along the diagonal and the 

conditions detailed imply that all other diagonal elements are also less than 1 in 

absolute value.  
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improve the hedge effectiveness for the NYMEX’s Light Sweet Crude Oil contract. 

We examine if this is the case in the Chinese oil market. The asymmetric general 

model (TGARCH General) is:  

1 1 1 1 1t t t t t tH C C A A B H B D Dε ε η η− − − − −
′ ′′ ′ ′ ′= + + +                                                                  (12) 

Where D is a (2 2)×  matrix of coefficients, and tη  is the additional quadratic form of 

the vector of negative return shocks, defined as 1 1t tIε − − , where 1tI =  if 0tε <  and 0 

otherwise. The inclusion of tη  in the conditional variance-covariance matrix not only 

accounts for any asymmetric effects in the conditional variances but also allows for 

possible asymmetric effects in the conditional covariance. The TGARCH Diagonal 

model restricts the off-diagonal elements of matrices A, B, D to be zero. The constant 

model restricts all elements in matrices A, B and D to be zero. The stationarity of the 

TGARCH(1,1) process requires that the eigenvalues of ( )A A B B D D⊗ + ⊗ + ⊗ be 

less than one in modulus.  

All the models are estimated via maximum likelihood. Under conditional 

normality, the log likelihood function is as follow: 

1

1

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

T

t t t t
t

L T H Hπ ε ε−

=

′Θ = − − Θ − Θ Θ Θ∑                                    (13) 

Where: T is the number of observations in the sample; Θ  is the parameter vector to be 

estimated; 1 2( , )t t tε ε ε=  is a 1x2 vector of residuals at time t; and, 1cov( )t t tH ε −= Ω . 

The log-likelihood function is maximised subject to the constraint that the conditional 

variances be positive. Initial values are required for all the parameters and those found 

from the uni-variate GARCH regressions are used for this purpose. For those 

parameters for which the initial guesses cannot be obtained from the uni-variate 

GARCH estimations, a starting value 0.05 was used in most instances. 
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4. Data and their properties 

4.1. Descriptive statistics 

Data for the China fuel oil futures are from Shanghai Futures Exchanges (SFHE). As 

any futures contract is associated with expiration, it is necessary to construct a 

continuous series of futures prices. The conventional approach relies upon the prices 

of the “most nearest to maturity” contracts, because these tend to be the most liquid 

and therefore the best delegates for the futures market information, except perhaps 

during the maturity month. However, an examination of the Shanghai futures markets 

reveals a different story. Peck (2004) finds that the most nearest to maturity futures 

contract is hardly the most liquid contract in China. It was reported that the most 

liquid contracts are 4 or 5 months to maturity for copper and 3 or 4 months to 

maturity for aluminum. For the oil futures, we can determine from the data that the 

most liquid contracts are 2 to 3 months to maturity. Thus the futures data we used in 

this study corresponds to daily closing prices of the most active nearby contracts. For 

the spot prices, we follow the commonly adopted practice in the literature by using the 

daily closing prices of the corresponding commodity.  

We note that there is no standard fuel oil price series in the Chinese market. 

Guangdong province in Huanan area takes 80% of the fuel oil imports and accounts 

for 35% of the total oil demand in China, and the Huanan fuel oil market is the most 

active and closest to a perfectly competitive market in China. Hence we choose 

Huanan 180CST fuel oil prices (also called Huagpu 180CST) as the underlining spot 

prices for the Chinese market. 

As noted earlier, the Platts 180CST fuel oil is used as the underlying spot in 

the evaluation of cross hedging. The data for the Huanan (Huangpu) 180CST and 

Platts 180 CST fuel oil prices series are taken from Heilongjiang Tianqi Futures 

Exchange8 (http://www.tqfutures.com). The data begin on August 25, 2004 (the day 

when the futures started to trade) and end on September 29, 20069. Returns of the 

                                                        
8 An Exchange for commodity futures in China.  
9 Data end on September 2006 because it was the most up-to-date data at the time the 

research was begun. When finalizing the paper we had hoped to be able to extend the 

data set to mid-2009 to compare the first two years performance with the most recent 
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futures and spot prices are calculated as the first differences of the natural logarithm 

of price series multiplied by 100. In total, we have 548 observations of which the first 

500 (from August 25 2004 to July 25, 2006) observations are used for estimation 

purposes and the remaining 48 observations (from July 26 to September 06) are used 

for the out-of-sample forecasting.  

As noted in Section 1, the graphs of the log of the prices are given in Figures 

A1 and A2 of the Appendix. Figure 1 pairs the forward price in the Chinese market 

(LF) with the spot price in China (LS); whilst in Figure 2 that forward price is paired 

with the spot price in the Singapore market.  

Table 1 reports some basic statistics for daily returns for the China fuel oil 

futures returns (denoted by RF), China Huanan fuel oil spot returns (denoted by RS) 

and Singapore Platt’s fuel oil price returns (denoted by RSX). Returns are calculated 

as the difference of the nature logarithms of the closing prices multiplied by 100. 

Those returns are graphed in Figure A3 of the Appendix.  

From Table 1, we see that the mean returns of the futures are lower than that of 

the spot in both the Chinese and Singapore markets. However, the standard deviation 

for the futures returns is larger than the standard deviation of spot returns in the 

Chinese market, which is smaller than that in the Singapore market. This may due to 

the fact that trading in the Singapore market is more active. 
 
 
 
 
 
 
 
 
 
 
 
 
 
                                                                                                                                                               
two years performance. However, data on spot fuel oil prices are no longer available 

from the source: and no other non-commercial providers of data could be found. So 

the comparison will have to await any further opportunity that might arise.  
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Table 1 Descriptive Statistics of return series of Futures and Spot returns¶ 

 
  RF RS RSX 

 Mean  0.054093  0.068074  0.065437 
 Median  0.091827  0.000000  0.000000 
 Maximum  4.222263  7.020426  8.318446 
 Minimum -5.016596 -5.706072 -11.21173 
 Std. Dev.  1.422809  1.194955  1.931239 
 Skewness -0.207686  0.255625 -0.637181 
 Kurtosis  4.149266  8.654918  8.361978 

        
 Jarque-Bera  34.03585  734.7913  692.2925 
 Probability  0.000000  0.000000  0.000000 

        
)5(Q  11.741** 6.169 6.7104 

  22.774*** 16.819*** 16.923*** 
ARCH-LM  13.3119** 15.0571** 15.98175*** 

¶Note: (5)Q and 2
(5)Q denote the Ljung-Box Q statistics for the test of significance of 

autocorrelations up to 5th order in return and squared returns series respectively. *, **, 
*** denote statistical significance at the 10%, 5% and 1% level. 
 

Skewness and kurtosis are statistically significantly different from 0 and 3, 

respectively, and so the Jacque Bera (JB) statistics for all three series are significantly 

different from 0, so rejecting the null hypothesis of normal distributions. Kurtosis for 

the spot returns is much higher than for the futures return, so that the spot returns have 

more peakedness. The Ljung-Box (1987) Q(5) statistic for the futures returns is 

significant but not for the two spot returns; while Q(5) statistics for the squared return 

series are mostly significant. Thus, the second moments of returns are time varying 

and changing in a predictable fashion. This kind of volatility clustering —large 

changes tend to be followed by large changes, of either sign, and small changes tend 

to be followed by small changes, of either sign—can be observed in Figure 2. 

Moreover, the significance of the ARCH-LM test (Engle, 1982) statistics suggests 

further that an ARCH/GARCH type model is an appropriate specification. 

Additionally, we note that the correlation between return on China’s fuel oil 

futures and spot returns is higher for Singapore market than it is for the market in 

China. The respective figures are, 0.468 and 0.356.   

 

2 (5)Q
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4.2 Order of Integration of the variables and tests of Cointegration  

As discussed in the previous section that the presence of a cointegrating relationship 

between spot and futures prices will produce downwardly biased hedge ratios unless 

an error correction term is incorporated into the mean equation. Also for an adequate 

estimation with Bi-variate GARCH we need to ensure that the components variables 

(the mean returns) are stationary. Thus unit root tests are necessary. We conducted 

these using the Augmented Dickey-Fuller (ADF), the Phillips-Perron and 

Kwiatkowski, Phillips, Schmidt and Shin (KPSS) tests to test for stationary in the 

natural logarithm of prices series and also in the three return series. For the in-sample 

set of observations, all tests indicated that all three prices series are I(1). 

Consequently, we only list the Phillips-Perron statistics: for the three series, where the 

test equation included an intercept and a trend for all three series, thus: for LF, -2.401 

[0.374], for LS, -1.729 [0.737]; and, for LSX, -2.340 [0.411]. (details of all tests are 

available from the authors).  

 It is clear from Figure 3A  that all three series of returns are I(0): and given 

that LF, LS and LSX are I(1), that follows automatically. . All tests indicate that the 

mean values of the returns series are statistically speaking, zero.  

Given that the three prices are I(1), Johansen’s cointegration test (1991, 1995) 

was conducted. The results are reported in Table 2. The optimum lag length, taking 

into account the properties of the residuals, lag length test criteria and the 

mathematical stability of the estimated VAR, was 4 for the two tests for cointegration 

of futures price with both spot prices. Since the prices have trends, which are linear 

rather than exponential, and can be taken as deterministic, the appropriate model of 

the five formulated by Johansen (1995), was model three.  

As revealed in Table 2 the Trace tests indicate that there is no cointegrating 

relationship between the fuel oil futures and China fuel oil spot prices. While for 

China fuel oil futures and spot prices in the Singapore market, there exists one 

cointegrating relationship. However, we have to cast doubt on such cointegration, 

since the latter concerns long run co-movements of two series, and although we have 

over 500 observations, these only span two years. Moreover, although the lag length 
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selected was the best in terms of the set of criteria listed in the preceding paragraph, 

the residuals were not normally distributed not just due to excess kurtosis (which is 

not of itself a problem in terms of the distributional characteristics of the tests of the 

Trace statistic) but also to the presence of skewness.  
 
 
Table 2: Cointegration tests 
 
(1) Cointegration test for China fuel oil futures prices (LF) and China Huanan 

fuel oil spot prices (LS) 
 

Hypothesized 
No. of CE(s) 

Eigenvalue Trace Test 
Statistic 

0.05 
Critical Value 

Prob. 

None 0.021033  11.41363  15.4971  0.1873 
At most 1 0.001569  0.785007  3.81466  0.3756 

 

 
(2) Cointegration test for China fuel oil futures prices and Singapore fuel oil spot 
prices 
  

Hypothesized 
No. of CE(s) 

Eigenvalue Trace Test 
Statistic 

0.05 
Critical Value 

Prob. 

None* 0.03593  19.09307  15.4971  0.01037 
At most 1 0.00157  0.785368  3.81466  0.3755 

*Indicates rejection of the hypothesis at the 0.05 level 

 

Nevertheless, not withstanding the above considerations, we decided to 

experiment by using the error correction term in the models for the links between the 

futures returns and the Singapore spot returns. Noting that the coefficient on the 

futures return in the cointegrating vector was 1 or nearly 1, we imposed that 

restriction on it, also with the aim of identifying the vector. The vector was identified, 

with convergence obtained after 1 iteration, and the restriction was accepted, with 

a 00634.0)1( =χ , with a probability of 0.9365. However, the cointegrating vector did 

not have a statistically significant impact on the returns in the regression for hedging 

in the Singapore market. Additionally, the inclusion of the error correction term often 

made it impossible to obtain estimates of the parameters of tH ; or made the system 

singular or non-convergent.  
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5: Estimation results 

We report on the findings obtained from estimation of different variance 

specifications (TGARCH-General, TGARCH-Diagonal, GARCH-General, GARCH-

Diagonal and constant model) in order to unveil the most appropriate one for deriving 

the optimum hedging ratios. For a given structure of tH , numerous variations of the 

models were experimented with, in respect of the specification of each of the mean 

equations. We found that, for both the Bi-variate GARCH(1,1) and TGARCH(1,1) 

models, the most minimal specifications with random means were generally the most 

acceptable, statistically speaking. Such is consistent, for example, with Ford et al. 

(2005).  

Consequently, the estimation results we report here are for GARCH and 

TGARCH models with the mean structure containing only intercepts. A further point 

that might need highlighting is the estimation of GARCH and TGARCH structure. 

Engle and Kroner (1995) suggest that the BHHH (Berndt, Hall, Hall and Hausman, 

1974) optimization algorithm might be the most appropriate for estimation of 

multivariate GARCH models. However, Ford et al (2005) point out that the Marquardt 

algorithm provided estimates that were identical to or better than those obtained from 

the use of BHHH. Our experiments confirm those findings. The maximum likelihood 

estimation results for the China fuel oil futures and spot market returns are reported in 

Table 3 and those estimation results China fuel oil futures and returns in the Singapore 

spot market are detailed in Table 4. We remark that in the bottom section of the tables 

the LR tests of the nested models are given (and are all collated in Table 5 later) as are 

the eigenvalues, all of which indicate that the models are covariance stationary.   

First, consider the mean structure for futures and spot returns.We observe from 

both tables that the estimated means of futures returns fµ  are not significantly 

different from zero at the 5% significant level for all models. Comparing the two 

tables, we find that the estimated mean spot returns in the Chinese market are smaller 

than those in the Singapore market. Although the estimates suggest that the futures 

returns are not significantly different from zero at a 5% significance level and 

therefore the futures prices follows a martingale process, the dynamic GARCH 
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models could not be estimated when the means were just white noise, because either 

convergence could not be achieved; or even when it was, the covariance stationary of 

the GARCH structures were violated. However, including those intercept variables 

will change values of the coefficients in A, B, and C matrices slightly. Thus in 

calculating the utility maximisation hedge ratios, the actual expected value is used 

instead of zero, making the hedge ratios differ slightly from the MV hedge ratios, as 

will the ranking of different models.  

Now we turn to the covariance structure for the domestic and cross border 

hedging. In Table 3A all the ijd , which capture the asymmetric effects (positive and 

negative shocks increase the variances by different magnitudes), are insignificant at 

the 95% significant level. We further conducted the Wald exclusion tests for the 

asymmetric coefficients. The test result (5.0008 with a p-value of 0.2872) cannot 

reject the null hypothesis that the coefficients are jointly zero, implying that markets 

react similarly to positive and negative shocks. Such results diverge from those in the 

existing literature on the asymmetric effects in equity returns, most of which indicate 

the negative shocks have greater and more persistent effects than do positive shocks. 

In Table 3B, most parameters are significant, implying that the distribution of 

spot and futures variances and covariances are time-varying. For the constant model, 

all the coefficients are significant at a 5% significance level. The Ljung-Box Q-

statistics for residuals and squared residuals in their normalised form are calculated to 

test the robustness of these models. We can observe that for the all dynamic models, 

Q-statistics for up to 15 lags are insignificant, for both level and squared normalised 

residuals, which suggest that the dynamic models can effectively remove the serial 

correlations both in levels and in their second movements. However, the Q-statistics 

for the constant models are significant, which implies that constant specification 

cannot remove the serial correlation in these series; heteroskedasticity still remains in 

the residuals. Consequently, we can conclude the dynamic models are more robust 

than the constant models and the optimal hedge ratios are indeed time-varying.  
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Table 3A: Maximum Likelihood Estimates for the China fuel oil futures and spot 
returns  
 
(A) TGARCH(1,1) and constant model 
 TGARCH-General TGARCH-Diagonal Constant 

 Coeff. Std. Err T-stat Coeff. Std. Err T-stat Coeff. Std.Err T-stat 

Mean Structure         

fµ  0.0797  0.0577  1.3815 0.1001 0.0585 1.7122 0.1056  0.0618  1.7093 

sµ  0.0835  0.0555  1.5064 0.0920 0.0515 1.7869 0.1024  0.0542  1.8882 

Covariance Structure        

11c  0.4254**  0.1228  3.4648 0.3631** 0.0623 5.8329 1.3758**  0.0347  39.6115 

21c  0.8486**  0.2030  4.1803 0.1351** 0.0254 5.3200 0.4266**  0.0446  9.5681 

22c  0.3794  0.3834  0.9897 0.1016 0.0647 1.5697 1.1177**  0.0202  55.2120 

11a  0.2709**  0.0932  2.9067 0.4229** 0.0473 8.9330 - - - 

12a  -0.4993**  0.0452  -11.0503 - - - - - - 

21a  0.0191  0.0600  0.3177 - - - - - - 

22a  0.2261**  0.0681  3.3226 0.1190** 0.0160 7.4365 - - - 

11b  0.9530**  0.0312  30.5633 0.8795** 0.0216 40.7860 - - - 

12b  0.2070**  0.0603  3.4351 - - - - - - 

21b  -0.1704  0.1739  -0.9803 - - - - - - 

22b  0.1652  0.1317  1.2546 0.9815** 0.0068 144.74 - - - 

11d  0.0340  0.4621  0.0737 0.0018 14.6257 0.0001 - - - 

12d  0.0394  0.3619  0.1088 - - - - - - 

21d  0.0385  0.2688  0.1431 - - - - - - 

22d  0.1671  0.2000  0.8355 0.0016 3.6078 0.0004 - - - 

          
Ljung-Box Statistics        

Futures Q-statistic P-value  Q-statistic P-value  Q-statistic P-value  
(15)Qs  13.8620  0.5360   14.1960 0.5110  20.7910  0.1440   

2 (15)
s

Q  11.4540  0.7200   7.7706 0.9330  42.5820  0.0000   

Spot Q-statistic P-value  Q-statistic P-value  Q-statistic P-value  
(15)Qs  18.8230  0.2220   15.4540 0.4190  19.0200  0.2130   

2 (15)
s

Q  12.0410  0.6760   13.0010 0.6020  28.6650  0.0180   

          

LF -1567.73    -1581.36   -1627.58    

LR    27.2520   92.4460    

          

Covariance Stationary tests        
TGARCH-General Model: Eigenvalues: 0.9701; 0.0890; 0.2111 and 0.2677    
TGARCH-Diagonal Model: Eigenvalues: 0.9136; 0.9136; 0.9524 and 0.9775       

Note: ** represents significant at 5% significant level. The critical values for t-test is 1.96. 
Log-likelihood and likelihood ratio test statistics of the restrictions denoted as LF and LR 
respectively. LR statistics reported here test the general against diagonal and diagonal against 
constant. LR is distributed as Chi-square ( 2χ ) with degrees of freedom equal to the number of 
restrictions. The critical value for 2 (6)χ  at 5% significant level is 12.59.
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Table 3B: Maximum Likelihood Estimates for the China fuel oil futures and spot 
returns  
 
(B) GARCH(1,1) and constant model 
 

 GARCH-General GARCH-Diagonal Constant 

 Coeff. Std.Err T-stat Coeff. Std. Err T-stat Coeff. Std.Err T-stat 

Mean Structure         

fµ  0.0797 0.0567  1.4045 0.0908 0.0576 1.5780 0.1056 0.0618  1.7093 

sµ  0.0770 0.0530  1.4541 0.0840 0.0518 1.6220 0.1024 0.0542  1.8882 

Covariance Structure        

11c  0.4106** 0.1347  3.0484 0.3542** 0.0576 6.1447 1.3758** 0.0347  39.6115 

21c  0.9185** 0.2587  3.5507 0.1608** 0.0233 6.8960 0.4266** 0.0446  9.5681 

22c  -0.2521 0.8338  -0.3024 0.0004 13.2148 0.0000 1.1177** 0.0202  55.2120 

11a  -0.2834** 0.0811  -3.4947 0.4331** 0.0394 10.9838 - - - 

12a  0.4899** 0.0400  12.2316 - - - - - - 

21a  -0.0059 0.0532  -0.1111 - - - - - - 

22a  -0.2037** 0.0553  -3.6845 0.1455** 0.0140 10.4178 - - - 

11b  0.9485** 0.0299  31.7405 0.8810** 0.0189 46.5407 - - - 

12b  0.1993** 0.0601  3.3144 - - - - - - 

21b  -0.1368 0.1635  -0.8368 - - - - - - 

22b  0.1676 0.1388  1.2076 0.9802** 0.0049 200.6259 - - - 

          

Ljung-Box Statistics        

Futures Q-statistic P-value  Q-statistic P-value  Q-statistic P-value  
(15)Qs  13.7620 0.5440   14.0740 0.5200  20.7910 0.1440   

2 (15)
s

Q  11.6220 0.7070   7.6953 0.9350  42.5820 0.0000   

Spot Q-statistic P-value  Q-statistic P-value  Q-statistic P-value  
(15)Qs  18.8660 0.2200   14.8890 0.4590  19.0200 0.2130   

2 (15)
s

Q  13.2140 0.5860   10.4490 0.7910  28.6650 0.0180   

          

LF -1570.98   -1583.80   -1627.58   

LR    25.65   87.5560   

          

Covariance Stationary tests        
TGARCH-General Model: Eigenvalues: 0.9714; 0.2095; 0.0553 and 0.2469    
TGARCH-Diagonal Model: Eigenvalues: 0.9265; 0.9334; 0.9637 and 0.9896     

Note: ** represents significant at 5% significant level.  
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Table 4A: Maximum Likelihood Estimates for the China fuel oil futures and spot 
returns hedging in the Singapore market.  
 
(A) TGARCH(1,1) and constant models 

 TGARCH-General TGARCH-Diagonal Constant 

  Coeff. 

Std. 

Err T-stat Coeff. 

Std. 

Err T-stat Coeff. 

Std. 

Err T-stat 

Mean Structure         

fµ  0.0948  0.0621  1.5273  0.1047  0.0603  1.7351  0.1056  0.0620  1.7031  

sµ  0.0957  0.0902  1.0620  0.0991  0.0823  1.2039  0.1131  0.0885  1.2780  
covariance Structure        

11c  0.3443**  0.0543  6.3439  0.4903** 0.0643  7.6225  1.3758**  0.0353  39.0293  

21c  -0.0215  0.0898  -0.2390  0.2363** 0.0424  5.5768  0.8873**  0.0777  11.4133  

22c  -0.0004  74.510 0.0000  0.2206** 0.0684  3.2250  1.6986**  0.0306  55.5574  

11a  0.3217**  0.0492  6.5373  0.3788** 0.0492  7.7016  - - - 

12a  -0.1367**  0.0442  -3.0924  - - - - - - 

21a  -0.0164  0.0334  -0.4927  - - - - - - 

22a  0.2738**  0.0396  6.9223  0.2716** 0.0270  10.0455  - - - 

11b  0.9211**  0.0229  40.1847  0.8571** 0.0302  28.3655  - - - 

12b  0.1061**  0.0247  4.2935  - - - - - - 

21b  -0.0059  0.0132  -0.4481  - - - - - - 

22b  0.9336**  0.0155  60.4149  0.9499** 0.0094  101.2110  - - - 

11d  -0.0722  0.2988  -0.2418  -0.0951  0.1884  -0.5049  - - - 

12d  0.0001  0.2672  0.0004  - - - - - - 

21d  0.0174  0.1445  0.1202  - - - - - - 

22d  0.0678  0.1897  0.3575  0.0438  0.1320  0.3313  - - - 
          

Ljung-Box Statistics        

Futures Q-statistic P-value  Q-statistic P-value  Q-statistic P-value  

(15)Qs  14.5010  0.4880   15.1510  0.4410  20.7910  0.1440   
2 (15)
s

Q  
9.2718  0.8630   9.2723  0.8630  42.5820  0.0000   

Spot Q-statistic P-value  Q-statistic P-value  Q-statistic P-value  

(15)Qs  23.6210  0.0720   15.3200  0.1210  28.5480  0.0180   
2 (15)
s

Q  
5.0264  0.9920   4.7467  0.9940  38.2260  0.0010   

          

LF -1776.00    -1779.36   -1836.00    

LR    6.7100   113.2760    

          

Covariance Stationary tests        

TGARCH-General Model: Eigenvalues: 0.9468±0.0685i; 0.9593 and 0.9419    

TGARCH-Diagonal Model: Eigenvalues: 0.8871; 0.9128; 0.9593 and 0.9780       

Note: ** represents significant at 5% significant level.  
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Table 4B: Maximum Likelihood Estimates for the China fuel oil futures and spot 
returns hedging in the Singapore market.  
 
(B) GARCH(1,1) and constant models.  
 
 GARCH-General GARCH-Diagonal Constant 

  Coeff. Std. Err T-stat Coeff. 
Std. 
Err T-stat Coeff. Std.Err T-stat 

Mean Structure         
fµ  0.0963  0.0611  1.5775  0.1044  0.0594  1.7584  0.1056  0.0620  1.7031 
sµ  0.0926  0.0831  1.1141  0.0990  0.0802  1.2346  0.1131  0.0885  1.2780 

Covariance Structure        
11c  0.4172**  0.0619  6.7410  0.4882** 0.0632  7.7221  1.3758** 0.0353  39.0293 
21c  0.0273  0.0941  0.2906  0.2256** 0.0401  5.6272  0.8873**  0.0777  11.4133 
22c  0.0006  53.6582  0.0000  0.2317** 0.0602  3.8488  1.6986**  0.0306  55.5574 
11a  0.3584**  0.0496  7.2192  0.3820** 0.0401  9.5229  - - - 
12a  -0.1396**  0.0444  -3.1419  - - - - - - 
21a  -0.0241  0.0359  -0.6710  - - - - - - 
22a  0.2917**  0.0406  7.1913  0.2756** 0.0251  10.9872  - - - 

11b  0.8910**  0.0289  30.7886  0.8589** 0.0292  29.4055  - - - 
12b  0.1039**  0.0282  3.6771  - - - - - - 
21b  -0.0001  0.0146  -0.0044  - - - - - - 
22b  0.9327**  0.0154  60.6049  0.9496** 0.0088  108.5054 - - - 

          
Ljung-Box Statistics        

Futures Q-statistic P-value  Q-statistic 
P-
value  

Q-
statistic 

P-
value  

(15)Qs  14.7880  0.4670   15.1150  0.4430   20.7910  0.1440   
2 (15)
s

Q  8.4913  0.9030   9.0493  0.8750   42.5820  0.0000   

Spot Q-statistic P-value  Q-statistic 
P-
value  

Q-
statistic 

P-
value  

(15)Qs  23.5990  0.0720   23.2980  0.0780   28.5480  0.0180   
2 (15)
s

Q  4.8186  0.9940   4.7225  0.9940   38.2260  0.0010   
          
LF -1776.12    -1779.55    -1836.00    
LR    6.8520    112.8980    
          
Covariance Stationary tests        
General Model: Eigenvalues: 0.9366±0.0356i; 0.9429 and 0.9321    
Diagonal Model: Eigenvalues: 0.8837; 0.9209; 0.9209 and 0.9777       

Note: ** represents significant at 5% significant level.  
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Likelihood ratio (LR) tests are employed to test the general specifications 

against the diagonal and the diagonal against the constant. The LR statistics are given 

at the bottom of Tables 3A and 3B: and they are collated in Table 5, for ease of 

reference. They suggest that the general models dominate diagonal models and the 

diagonal models dominate the constant model. The GARCH General model seems to 

be the most appropriate and should be accepted.  

 
Table 5: Summary of Log Likelihood Ratios (LR) between different models 
 

 Domestic Hedging Cross Hedging 
TG-General to TG-
Diagonal 27.252 6.71 
TG-General to Constant 119.698 119.986 
TG-Diagonal to Constant 92.446 113.276 
   
G-General to G-Diagonal 25.650 6.852 
G-General to Constant 113.206 119.75 
G-Diagonal to Constant  87.556 112.898 
   
TG-General to G-General 6.492 0.236 
TG-Diagonal to G-
Diagonal 4.89 0.378 

Note: At 5% significant level, the critical values are: for 2 (6) 12.59χ = ; 2 (4) 9.49χ = , 
and, 2 (2) 5.99χ =  
 

 
We turn now to the findings for the link with the Singapore spot market. The 

covariance structure of the futures returns and spot returns in the Singapore market 

(Tables 4A and 4B), mirrors that for the China spot market: and we see from the 

eigenvalues given in the tables, that the models are all covariance stationary, For the 

asymmetric models, all the coefficients ( ijd ) capturing asymmetric effects are 

insignificantly different from zero. For the coefficient matrix A ( ija ) and coefficient 

matrix B( ijb ), most of their components are significant under the dynamic modelling 

specifications, which provide strong support for the claim that the variances and 

covariances are time varying and conditional on past information. For the constant 

models, all the parameters are significant at the 5% level. However, the constant 

models are not robust because there are serial correlations in the residual series as 

well as in the second moment of the residuals, as shown by the Ljung-Box Q 

statistics. The Q statistics also show that the dynamic models remove all the serial 



 26

correlations and heteroskedasticity in the return series and thus are robust.  

The Likelihood ratio tests for model restrictions are provided at the bottom of 

the table and are also summarized in Table 5.  They imply that for the cross-hedging 

of the Singapore oil spot, the GARCH Diagonal model seems to be the most 

appropriate. 

 

6. Hedge ratios and hedging performance in-sample  

6.1 Descriptive statistics of the covariance matrices and hedge ratios under the 

Risk Minimisation criterion 

6.1.1: Domestic Hedging 

The descriptive statistics of the conditional covariance matrices from the five models 

and the unconditional variance and covariance of spot and futures returns for the in-

sample period are given in Table 6. In each of the three sections of the table the actual 

variances of the futures and spot returns are given, as well as their actual covariance. 

The ijh refer to the elements of the tH matrix.  Ignoring the constant-variance model, 

these figures reveal the general superiority of the Garch models.  
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Table 6: Conditional and unconditional variances and covariances for the 
domestic hedging: In-sample period 
 

   Mean 
 

Maximum
 

Minimum
 Std. 
Dev. 

 
Skewness  Kurtosis 

Jarque-
Bera 

TG-Gen h11 2.0052  6.1595  0.6421  1.0525  1.1521  4.0519  133.1334  
TG-Dia h11 2.0725  7.4015  0.6603  1.2042  1.5380  5.6643  343.6287  
G-Gen  h11 2.0034  6.0517  0.6503  1.0370  1.1190  3.9266  121.7522  
G-Gen  h11 2.1406  7.7353  0.6468  1.2719  1.5203  5.5716  329.0538  
Const  h11 1.8930  1.8930  1.8930  0.0000   NA  NA  NA 
Var(f) 1.8955  25.7266  0.0000  3.3839  3.2900  15.8908  4346.4930 
TG-Gen h22 1.4662  5.9917  0.9563  0.7437  3.0061  13.6977  3124.6780 
TG-Dia h22 1.3391  2.3200  0.8744  0.3321  0.7392  2.9169  45.4921  
G-Gen  h22 1.4619  5.8204  1.0006  0.6999  3.0609  14.1319  3348.9230 
G-Gen  h22 1.4292  2.8937  0.7864  0.4739  0.8326  3.1153  57.8125  
Const  h2 1.4313  1.4313  1.4313  0.0000   NA  NA  NA 
Var(s) 1.4324  48.3335  0.0000  3.9413  7.1562  68.9965  94627.9400 
TG-Gen h12 0.5743  1.5603  -1.6551  0.3678  -2.1305  11.8602  2005.6770 
TG-Dia h12 0.5784  1.4969  -0.0339  0.2352  1.2061  4.6882  179.8645  
G-Gen  h12 0.5685  1.4208  -1.7696  0.3766  -2.4350  13.0331  2580.8710 
G-Gen  h12 0.6912  1.8456  -0.0706  0.2954  1.2121  4.6784  180.3886  
Const  h12 0.5869  0.5869  0.5869  0.0000   NA  NA  NA 
Cov(f,s) 0.5886  23.0249  -7.6132  2.2127  4.0361  32.7965  19774.5500 
 
 
 
 
Table 7 gives the descriptive statistics of the optimum hedge ratios (OHRs) for 

domestic hedging. It shows that the mean ratio for the diagonal model (0.3908) 

exceeds those of the TGARCH general model (0.3652) and the GARCH General 

model (0.3603), which exceed that of the TGARCH Diagonal model (0.3351). The 

Constant model generates the lowest hedge ratio (0.3101). The hedge ratios estimated 

from the GARCH General model have the largest standard deviation; while hedge 

ratios estimated using TGARCH diagonal model have the lowest variation. All hedge 

ratios are I(0) on the basis of ADF and Phillips-Perron tests for unit roots.  
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Table 7: Descriptive Statistics of estimated hedge ratios for domestic hedging: In-
sample period 
 

 TG-Gen TG-Dia G-Gen G-Dia Constant 
 Mean 0.3652 0.3351 0.3603 0.3908 0.3101 
 Median 0.3567 0.3212 0.3697 0.3672 0.3101 
 Maximum 0.7577 0.8043 0.8427 0.9721 0.3101 
 Minimum -0.0737 -0.0088 -0.4835 -0.0176 0.3101 
 Std. Dev. 0.1578 0.1482 0.2161 0.1789 0.0000 
 Skewness -0.0764 0.4284 -0.7206 0.4898 NA 
 Kurtosis 2.5473 2.8385 4.2802 2.9429 NA 
      
Jarque-
Bera 4.7374 15.7742 77.1094 19.9782 NA 
Probability 0.0936 0.0004 0.0000 0.0000 NA 

 

6.1.2: Hedging in the Singapore Market: In-sample period 

Table 8 details the conditional and unconditional variances and covariances from the 

alternative hedging models for cross hedging.  

 
Table 8: Conditional and unconditional variances and covariances for hedging in 
the Singapore market: In-sample period 
 
  Mean Maximum Minimum Std. Dev. Skewness Kurtosis Jarque-Bera 
TG-Gen h11 1.9303  5.3975  0.8402  0.8736  1.1948  4.1634  146.5620  
TG-Dia h11 1.9598  6.2304  0.9471  0.9086  1.7591  6.8189  559.4629  
G-Gen  h11 1.9265  5.6482  0.9090  0.8725  1.4390  5.1900  271.3992  
G-Gen  h11 1.9601  6.1293  0.9516  0.8988  1.7039  6.4834  492.7429  
Const  h11 1.8930  1.8930  1.8930  0.0000   NA  NA  NA 
Var(f) 1.8955  25.7266  0.0000  3.3839  3.2900  15.8908  4346.4930  
TG-Gen h22 3.8079  17.5175  1.4194  2.2729  2.3994  10.4220  1620.8730  
TG-Dia h22 3.9022  18.2302  1.5385  2.5331  2.2534  8.9969  1167.6730  
G-Gen  h22 3.8551  18.3909  1.5365  2.3770  2.4481  10.6073  1698.2480  
G-Gen  h22 3.9211  18.4469  1.5355  2.5560  2.2571  9.0385  1179.4520  
Const  h2 3.6725  3.6725  3.6725  0.0000   NA  NA  NA 
Var(s) 3.6745  127.2376 0.0000  10.3940  7.5601  74.9770  112243.1000 
TG-Gen h12 1.2022  3.8820  -0.7671  0.5918  0.9589  5.1021  168.0041  
TG-Dia h12 1.2825  4.4741  -0.2184  0.6142  1.7167  7.2773  624.2249  
G-Gen  h12 1.1864  3.8703  -0.9222  0.5633  0.9652  5.7701  236.5462  
G-Gen  h12 1.2947  4.6917  -0.2534  0.6464  1.7393  7.4071  654.0964  
Const  h12 1.2208  1.2208  1.2208  0.0000   NA  NA  NA 
Cov(f,s) 1.2231  28.7417  -10.0058 3.3600  3.7522  24.0325  10347.6500 
 
 
Study of Table 8 reveals findings identical to those from Table 6 for domestic 

hedging. These need no further comment.  

 Table 9 provides the descriptive statistics of the OHRs for cross-hedging under 

the minimization of risk objective. All ratios are I(0) according to ADF and Phillips-
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Perron tests.  
 
Table 9: Descriptive Statistics of the estimated hedge ratios for cross hedging: In-
sample period 
 
 

 TG-Gen TG-Dia G-Gen G-Dia Constant 
Mean 0.6750 0.7079 0.6784 0.7115 0.6449 
Median 0.6669 0.6852 0.6699 0.6832 0.6449 
Maximum 1.8257 1.8031 1.8611 1.8822 0.6449 
Minimum -0.1919 -0.1006 -0.2078 -0.1180 0.6449 
Std. Dev. 0.2811 0.2913 0.2955 0.3039 0.0000 
Skewness 0.5674 1.0613 0.6334 1.1951 NA 
Kurtosis 4.8498 5.3203 4.8707 5.7263 NA 
      
Jarque-
Bera 97.7268 205.2026 105.9124 272.7746 NA 
Probability 0.0000 0.0000 0.0000 0.0000 NA 

 

Unsurprisingly, given Tables 6 and 8, the hedging ratios for cross-hedging exhibit 

similar characteristics to those for domestic hedging... The dynamic models yield 

higher mean hedge ratio than the constant models; within the dynamic models, the 

diagonal model yields the largest mean hedge ratio. However, in the Singapore 

market, hedge ratios estimated from the TGARH General model have the lowest 

standard deviation.  

However, comparing Tables 7 and 9, we find that the means of hedge ratios for 

hedging spot positions in the Singapore market are much higher than their 

counterparts in the domestic market, no matter which specification is employed. 

Meanwhile, the standard deviations for the hedge ratios in the Singapore market are 

also higher. Both ADF and PP unit root tests on the estimated hedge ratios from the 

dynamic models for both forms of hedging indicate that they are all I(0). This 

suggests that the oil futures hedge ratios are mean reverting and any impact of a shock 

to the hedge ratio eventually becomes negligible. The Jarque-Bera statistics are all 

significant, implying that the hedge ratios calculated from the conditional information 

set exhibit depart substantially from normal distributions. This is probably due to the 

fact that the returns tend to be clustered through time and thus so are the hedge ratios.   
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6.2 Descriptive statistics of the hedge ratios derived from maximizing expected 

utility: Domestic and cross hedging 

The OHRs under this criterion vary, of course, depending upon the value selected for 

the risk-aversion parameter (λ ). Also obviously, they will increase for every model of 

the variance-covariance matrix, as that parameter increases. The appropriate place at 

which to consider alternative values of the parameter is later on where we consider the 

rankings of the variance-covariance specifications by the levels of expected utility 

that they generate. For now, we merely illustrate the OHRs, and compare them across 

domestic and cross hedging, by choosing one value of the parameter: so that λ =0.25.  

Table 10 reports the descriptive statistics for the hedge ratios for domestic 

hedging, and Table 11 does so for cross hedging. All the ratios are I(0) As we 

discussed earlier, should futures returns follow a Martingale process, i.e., if the 

conditional expected value of futures returns is zero, then the optimal hedge ratios 

under the variance minimisation criterion are identical to from those utility 

maximisation. However, when the actual mean values instead of a zero value for the 

futures returns are used, the hedge ratios can diverge. We can observe there is 

divergence between hedge ratios estimated under different criterion and with different 

risk aversion assumptions.  

 
Table 10: Descriptive statistics of OHRs for domestic hedging: In-sample period, 

0.25λ =  
 

 TG-Gen TG-Dia G-Gen G-Dia Constant 
 Mean 0.2504  0.2087  0.2594  0.2780  0.1984  
 Median 0.2566  0.1953  0.2867  0.2560  0.1984  
 Maximum 0.6066  0.5900  0.6034  0.7718  0.1984  
 Minimum -0.1104  -0.0610  -0.5337  -0.0629  0.1984  
 Std. Dev. 0.1238  0.1110  0.1821  0.1431  0.0000  
 Skewness -0.0022  0.7029  -1.2508  0.6762   NA 
 Kurtosis 3.0202  3.8804  5.4380  3.7189   NA 
      
 Jarque-
Bera 0.0089  57.0853 253.1897 48.6718  NA 

 Probability 0.9956  0.0000  0.0000  0.0000   NA 
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Table 11: Descriptive statistics of OHRs for cross hedging: In-sample period: 

0.25λ =  
 

 TG-Gen TG-Dia G-Gen G-Dia Constant 
 Mean 0.5562 0.5792 0.5601 0.5859 0.5333 
 Median 0.5460 0.5368 0.5409 0.5384 0.5333 
 Maximum 1.6980 1.7009 1.7354 1.7862 0.5333 
 Minimum -0.2393 -0.1971 -0.2916 -0.2152 0.5333 
 Std. Dev. 0.2616 0.2686 0.2738 0.2822 0.0000 
 Skewness 0.7364 1.3482 0.8027 1.4447 -2.9106 
 Kurtosis 5.3794 6.4308 5.4638 6.7749 9.4714 
      
Jarque-
Bera 178.1456 433.1856 196.7251 514.1136 1723.6390 
Probability 0.0000 0.0000 0.0000 0.0000 0.0000 

 

Comparing the means of the OHRs (ignoring the Constant model) in Table 10 from 

the highest to the lowest we have: G-Dia, G-Gen, TG-Gen and TG-Dia. The ordering 

in Table 8 was: G-Dia, TG-Gen, G-Gen and TG-Dia. For crossed hedging the ordering 

is the same in Tables 9 and 11: G-Dia, TG-Dia, G-Gen and TG-Gen. The mean values 

of the OHRs for cross hedging are around twice those for domestic hedging, reflecting 

the uncertainty of dealing in the Singapore market rather in China.  

 
7: Evaluation of hedging performance under different criteria: in-sample 

7.1 Risk minimisation and variance reduction 

Tables 12 and 13 present the variance reductions of the competing models; from the 

hedging of spot positions in the domestic and the Singapore markets.  

 

Table 12: Variance reduction for hedging in the domestic market: In-sample 
period 
 

  No hedge TG-Gen TG-Dia G-Gen  G-Dia Constant 
Mean 0.10239  0.05641 0.06517 0.05300  0.05889  0.06963  
Variance  1.43414  1.18037 1.19003 1.17257  1.18717  1.25179  
Variance reduction (%) 17.695 17.021  18.239  17.221  12.715  
Ranking (2) (4) (1) (3) (5) 
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Table 13: Variance reduction for hedging in the Singapore market: In-sample 
period 
 

  No hedge 
TG-
Gen TG-Dia G-Gen  G-Dia Constant 

Mean 0.11307  0.06276 0.06477  0.06342  0.06591  0.04493  
Variance  3.67988  2.76403 2.77491  2.76885  2.77832  2.89097  
Variance reduction (%) 24.888 24.592  24.757  24.500  21.438  
Ranking (1) (3) (2) (4) (5) 

 

We can observe from Tables 12 and 13 that the hedging effectiveness of China fuel 

oil futures in terms of risk reduction is very low. Previous studies show that the risk 

reduction of commodity futures is normally around 70% to 90% in the developed 

markets with little market friction and around 50-70% in the emerging market with 

immature regulation and market frictions. However, the risk reduction for the China 

fuel oil futures in hedging domestic fuel oil commodity is below 20%, and is around 

25% in hedging the Singapore fuel oil price fluctuations. In regard to hedging in the 

Singapore market, because it is a cross-border hedging, considering regulation 

restrictions and China’s controlled exchange rate, the 25% risk reduction is in line 

with expectation. Those administrative obstacles and restrictions could prevent an 

efficient hedging across the border. However, the risk reduction of China’s fuel oil 

futures in hedging of the domestic spot position was expected to be higher. There are 

some reasons for the limited realized gains in domestic hedging: First, China fuel oil 

futures prices are largely determined by the price changes of the fuel oil in the 

Singapore market. Second, the physical fuel oil price in China is still largely 

controlled and adjusted by the government. Thus the spot prices do not reflect the 

market demand and supply, nor do they adjust to any information shocks effectively. 

The adjustments in prices, and hence to returns, tend to occur with a lag. On the other 

hand, fuel oil futures are much more volatile and fluctuate with international oil 

prices, being much more volatile than the price of the underlying spot. Should a spot 

position be over hedged, the hedging strategy may actually introduce additional 

volatility.   

Comparing the un-hedged and the hedged positions in Tables 12 and 13, we 

observe that the hedged portfolios have lower expected returns than the un-hedged 

positions, but they are compensated for by lower risk. The ranking of the different 

models is provided in the bottom of the each table. The constant model provides the 
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lowest degree of variance reduction, for either hedge. The dynamic models are 

obviously superior to the constant model in terms of variance reduction.  

For the hedge effectiveness within the dynamic modelling framework, we can 

observe from Tables 12 and 13 that the TGARCH General model is better than the 

TGARCH Diagonal model, and the GARCH General model is better than the 

GARCH Diagonal model, for both domestic and cross hedging. This implies that the 

general models, with or without taking the asymmetric information effect into 

consideration, provide greater risk reduction than when they are restricted to diagonal 

models. Comparing the TGARCH General to the GARCH General model, the ranking 

of their risk reduction ability for domestic hedging is opposite to their ranking for 

cross hedging. It seems that for cross hedging, taking asymmetric effects into 

consideration in calculating conditional variance and covariance (indicated by ijd s) 

would help achieve better hedging results, but not for the domestic hedging. Given 

that all the asymmetric parameters ( ijd ) are insignificant, any conclusion about the 

relative performance of these models would be dubious. This is also the case for 

TGARCH Diagonal versus GARCH Diagonal models.  

Within the dynamic models, we can also observe from these two tables that 

the model which generates higher risk reduction (i.e. has smaller variance) has lower 

mean return as well. This implies that the dynamic models follow the risk and return 

trade-off rule, that the one which generates higher returns is associated with higher 

risk. However, when taking the constant model into consideration, the risk-return 

trade-off is sometimes violated. In the cross hedging, the mean return for the hedged 

portfolio constructed using the constant framework is the lowest but the variance is 

the highest. Thus the dynamic models outperform the constant models not only in 

terms of risk reduction, but sometimes even in terms of mean return.  
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However, the descriptive statistics of the returns of hedged portfolios suggest 

that their means and variances could be taken to be identical. Equality tests (all such 

standard tests such as, for example, those of Bartlett and Levene) confirm that this is 

generally so. Those tests are available on request from the authors. They reveal that 

all the TG and Garch models produce identical means and variances: they both differ 

from the Constant model, but the “best” model, the Garch General, still produces a 

probability value of 0.42 for the equality of its variance with that of the Constant 

Model. Almost identical findings emerge for cross hedging; however, there the 

probability that the Garch models have identical variances to the Constant model rises 

to 0.63. As for domestic hedging, the means of all hedges can be taken to be identical.  

 

7.2 Expected utility maximisation  

The expected utilities of the hedged portfolios generated by different modelling 

strategies are reported in Tables 14 and 15 for, respectively, domestic and cross 

hedging. Since those expected utilities depend upon the investor’s risk aversion 

parameter, we quote the results for three values of it, 0.25, 0.5 and 1.  As seen, the 

rankings of the models when λ =1, is identical with those given in Tables 12 and 13: 

simply, with that value assigned to the risk-aversion parameter, maximizing expected 

is, by definition, identical with maximizing variance reduction, when the mean returns 

are zero.  

Table 14: Expected Utility of domestic hedging: in-sample 
 

 TG-Gen TG-Dia G-Gen G-Dia Constant 
0.25λ =  -0.22985 -0.22712 -0.23196 -0.22759 -0.23679 

Ranking (3) (1) (4) (2) (5) 
0.5λ =  -0.52939 -0.52936 -0.52909 -0.52888 -0.55206 

Ranking (4) (3) (2) (1) (5) 
1λ =  -1.12091 -1.12585 -1.11649 -1.12382 -1.17817 

Ranking (2) (4) (1) (3) (5) 
 
 
Table 15: Expected Utility of cross hedging: in-sample 
 

  TG-Gen TG-Dia G-Gen G-Dia Constant 
0.25λ =  -0.62459 -0.62336 -0.62514 -0.62299 -0.67046 

Ranking (3) (2) (4) (1) (5) 
0.5λ =  -1.31871 -1.32061 -1.32055 -1.32110 -1.39470 

Ranking (1) (3) (2) (4) (5) 
1λ =  -2.70020 -2.70773 -2.70449 -2.70994 -2.83876 

Ranking (1) (3) (2) (4) (5) 
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Ignoring the case where λ = 1, when it equals 0.5, the ranking across the two hedges 

are similar, except that TG-Gen and G-Dia change positions. For a risk-aversion 

parameter of 0.25, TG-Dia and G-Dia change positions. Across all cases, the Constant 

is the inferior model. However, the same caveats apply to Tables 14 and 15 as did to 

Tables 12 and 13: statistically the both the means and variances of the hedged 

portfolio returns could be identical statistically.  

 

7.3: Risk reduction based on minimizing the semi-variance  

The risk reduction is reported in Tables 16 and 17 for, respectively, domestic and 

cross hedging. We observe that all models perform well, and especially in comparison 

with the variance reductions we examined earlier. The average semi-variance 

reduction of the hedged portfolio in the Chinese market is about 41%, and for 

Singapore is about 33%. China fuel oil futures are more effective in hedging 

downside risk than total risk. 
 
 
Table 16: Semi-variance reduction for domestic hedging: In-sample period 
 

  
No 

hedge TG-Gen TG-Dia G-Gen G-Dia Constant 
Mean 0.10239  0.05641  0.06517  0.05300  0.05889  0.06963  
Semi-Var  1.94657  1.13075  1.13509  1.13880  1.11428  1.19276  
Semi-Var reduction (%) 41.911  41.687  41.497  42.757  38.725  
Ranking (2) (3) (4) (1) (5) 

 
 
Table 17: Semi-variance reduction for cross hedging: In-sample period 
 

  
No 

hedge TG-Gen TG-Dia G-Gen G-Dia Constant 
Mean 0.11307  0.06276  0.06477 0.06342  0.06591  0.04493  
Semi-Var  4.51620  3.02324  2.98139 3.02766  2.95527  3.22324  
Semi-Var reduction (%)  33.058  33.985 32.960  34.563  28.629  
Ranking (3) (2) (4) (1) (5) 

 

For both domestic and cross hedging, the constant model always ranked last. This is 

consistent with the conclusion drawn from the minimum variance risk reduction 

criterion; the dynamic models are superior to the constant model.  

Within the dynamic models, the GARCH Diagonal is the superior and the 
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GARCH General model is the inferior one, for both domestic and cross hedging. 

Asymmetric models lie in between. The ranking of the competing models only differs 

between domestic and cross hedging for the TGARCH models: contrasting with the 

findings from under the minimum variance reduction. As noted, the other distinctive 

feature under the semi-variance risk reduction criterion is that domestic hedging can 

achieve higher risk reduction than cross hedging. However, there still exists here the 

possibility that the semi-variances of all the portfolios are statistically identical, as 

Tables 16 and 17 suggest: the tests of equality indicated that this was so for the Garch 

models. So, for the in-sample estimates, we should perhaps only claim that those 

models are superior to the constant hedge model.  

 
 

8. Out-of-sample predictions of volatility, and comparisons over time of, variance 

reduction, expected utility and semi-variance reduction 

 

8.1 Out-of-sample volatility 

The parameter estimates of each model from the in-sample period were used to update 

tH (except, of course for the constant model) continuously throughout the 54 out-of-

sample observations.  
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Table 18: Descriptive Statistics of conditional and unconditional variances and 
covariances for hedging in the Chinese market: out-of-sample period  
 

  Mean 
 

Maximum  Minimum  Std. Dev.  Skewness  Kurtosis 
Jarque-

Bera 
TG-G h11 3.0108  5.7545  1.2907  1.3869  0.5276  1.7147  5.5309  
TG-Dia h11 3.1512  6.8160  1.0719  1.6579  0.7091  2.1864  5.3460  
G-Gen  h11 2.7326  5.0731  1.4096  1.0924  0.6907  2.1112  5.3969  
G-Gen  h11 3.2638  7.1010  1.0887  1.7412  0.7085  2.1770  5.3705  
Cons t   h 1 1 1.8930  1.8930  1.8930  0.0000   NA  NA  NA 
Var(f)   3.3490  23.1250  0.0077  5.1574  2.3786  8.3805  103.1637 
TG-Gen h22 1.5018  2.0662  1.1773  0.2420  0.8328  2.6338  5.8168  
TG-Dia h22 1.2821  1.6453  1.1103  0.1478  1.0081  2.8653  8.1665  
G-Gen  h22 1.1342  1.8007  0.8866  0.1853  1.9206  6.5019  54.0357  
G-Gen  h22 1.3684  1.9150  1.1147  0.2187  1.0405  2.9689  8.6629  
Cons t   h 2 2 1.4313  1.4313  1.4313  0.0000   NA  NA  NA 
Var(s) 1.3810  27.5037  0.0047  4.0835  5.6615  36.4446  2493.5040 
TG-Gen h12 0.5959  1.0507  0.1704  0.1864  0.3866  3.3121  1.3904  
TG-Dia h12 0.6091  1.3192  0.2479  0.3009  0.7131  2.3985  4.7918  
G-Gen  h12 0.6330  1.2702  -0.2927  0.2979  -0.4469  4.4243  5.6547  
G-Gen  h12 0.7294  1.6102  0.2816  0.3741  0.7078  2.3901  4.7523  
Cons t   h 1 2 0.5869  0.5869  0.5869  0.0000   NA  NA  NA 
Cov(f,s) 0.7731  11.5772  -1.6585  2.2702  3.1868  13.8436  316.4131 

 

Descriptive statistics for the estimated conditional and unconditional variance and 

covariance of the China fuel oil futures, fuel oil spots in the Chinese and the 

Singapore markets are given in Tables 18 and 19, respectively. 
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Table 19: Descriptive statistics of conditional and unconditional variances and 
covariances for cross hedging: out-of-sample period 
 

  Mean 
 
Maximum Minimum 

 Std. 
Dev. 

 
Skewness  Kurtosis 

Jarque-
Bera 

TG-Gen h11 2.7592  5.3057  1.3156  1.1729  0.6274  1.9699  5.2716  
TG-Dia h11 2.7719  5.5102  1.1942  1.2559  0.7286  2.2212  5.4593  
G-Gen  h11 2.7011  5.2656  1.2568  1.1703  0.6423  2.0186  5.2272  
G-Gen  h11 2.7266  5.4401  1.2011  1.2312  0.7634  2.3037  5.6324  
Const  h11 1.8930  1.8930  1.8930  0.0000  0.0000 0.0000  0.0000 
Var(f)   3.3490  23.1250  0.0077  5.1574  2.3786  8.3805  103.1637 
TG-Gen h22 4.0673  6.5453  2.7232  0.9573  0.9733  3.5173  8.1139  
TG-Dia h22 3.6483  6.1286  1.7464  1.1435  0.2042  2.3055  1.2981  
G-Gen  h22 3.9416  6.5930  2.4559  1.0277  0.8456  3.2717  5.8679  
G-Gen  h22 3.6402  6.1493  1.7436  1.1430  0.2377  2.3503  1.2962  
Const  h22 3.6725  3.6725  3.6725  0.0000  0.0000 0.0000  0.0000 
Var(s) 4.2535  30.6032  0.0002  6.7347  2.4745  8.9118  118.8834 
TG-Gen h12 1.5531  2.9150  0.4995  0.5698  0.7599  3.3587  4.8765  
TG-Dia h12 1.5815  3.6139  0.6709  0.6632  0.8855  3.3616  6.5338  
G-Gen  h12 1.4772  2.9081  0.3357  0.5791  0.5385  3.2441  2.4389  
G-Gen  h12 1.6077  3.6638  0.6352  0.6961  0.8382  3.1674  5.6772  
Const  h12 1.2208  1.2208  1.2208  0.0000  0.0000 0.0000  0.0000 
Cov(f,s) 1.9117  23.5243  -3.8065  4.5976  2.6738  12.0564  221.2305 

 

A comparison between Tables 6 and 18 reveals that the general pattern of variances 

and covariances is similar for the two periods for domestic hedging. The only 

significant differences are that the standard deviations of the conditional variances are 

higher for the out-of-sample observations; whilst skewness and kurtosis are much 

lower. That is also the case for cross hedging as a comparison of Tables 8 and 19 

indicates.   

 

8.2: Performance of hedging models out-of-sample: variance reduction 

As was the case for the in-sample estimates, it is difficult to claim, from equality tests, 

that there are any differences between the variances of the competing variance-

covariance structures in the out-of-sample estimates. However, we now have a time 

series for risk-reduction: the appraisal of the competing strategies by means of 

equality tests, is valid when the focus is on a holding period that embraces the whole 

sample, as for the in-sample period. The continual up-dating of the variances and of 

the hedge ratios, provides a possibly more appropriate assessment of hedging models 

whilst at the same time informs about the value of the in-sample estimates upon which 
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the forecasts/up-dates are effected.  

Accordingly, in Figure 1 we graph, for domestic hedging, the time series of 

risk reduction for each of the variance-covariance structures. Figure 2 is the 

companion graph for cross hedging.  

 
Figure 1: Time path of risk-reduction for domestic hedging under risk 
minimization: out-of-sample 
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Consider Figure 1. The ranking of the models is unique (except for a few 

observations when two models become co-terminus): G-Gen (1), TG-Gen (2), G-Dia 

(3), TG-Dia (4) and, Constant (5). This is identical with the ranking in Table 12 for 

the in-sample observations. The two General Garch models dominate their rivals.  

Likewise, when we consider Figure 2, for cross-hedging, we discover an 

almost unique ranking of the models: differences between them that are maintained 

across the observations. Again, the ranking of the models is identical to that in Table 

13 for the in-sample “average” variance reduction: namely, TG-Gen, G-Gen, TG-Dia, 

G-Dia and, Constant.  
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Figure 2: Time path of risk-reduction for cross domestic hedging under risk 
minimization: out-of-sample 
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8.3: Performance of hedging models out-of-sample: utility maximization  

Figure 3 graphs the time paths of expected utility for domestic hedging.  
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Figure 3: Expected utility of domestic hedging: out-of-sample 
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The rankings of the models changes after early July 2006; albeit mildly, except for the 

case of greatest risk aversion. Also, the rankings are identical for each set of 

observations over the forecast period for the two lower values of risk aversion. In 

general the GARCH-diagonal models are the superior models for those values. For 

the higher risk aversion parameter, the General GARCH model is uniquely the best 

model.  

 Comparing the data in Table 20 with those in Table 14 for the in-sample, 

average, values of expected utility, we find that the rankings for a risk aversion 

parameter of 1 are identical. For the lowest value of the parameter, for the majority of 

the out-of-sample observations, up to early July 2006, we see that the rankings are 

identical: and they barely differ after that time. The only marked differences are for 

those with the middle risk aversion parameter. However, in both Tables 14 and 20, the 

TG-Gen and G-Gen models tend to dominate.  
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Table 20: Ranking of Expected Utilities of domestic hedging: out-of-sample 
 

  TG-Gen TG-Dia G-Gen G-Dia Constant 
0.25λ =  Up to 9/7/2006 3 1 4 2 5 

 After 9/7/2006 3 2 4 1 5 
0.5λ =  Up to 9/7/2006 3 1 4 2 5 

 Ater 9/7/2006 3 2 4 1 5 
1λ =  Up to 9/7/2006 2 4 1 3 5 

 Ater 9/7/2006 3 4 1 2 5 
 

 
We move on to comment on the findings for cross hedging. The relevant graph is 

given in Figure 4. The companion table to this is Table 21.  

 

Figure 4: Expected utility of cross hedging: out-of-sample 
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Considering Table 21 in the light of Table 15 for the in-sample observations, we see 

that there is only marginal change between the rankings. For the lowest risk aversion 

parameter this is certainly so, and for the largest value of that parameter the General 

models dominate, only now they are equivalent. For the intermediate parameter value, 

the ranking alters little: the two General models are now equivalent, but they still 

dominate.  

 
Table 21: Expected Utility of cross hedging: out-of-sample 
 

  TG-Gen TG-Dia G-Gen G-Dia Constant 
0.25λ =  Up to 14/8/2006 3 2 3 1 5 

 After 14/8/2006 3 2 3 1 5 

0.5λ =  Up to 14/8/2006 1 2 1 4 5 
 After 14/8/2006 All are similar, but mostly TG-Gen=G-Gen=1 5 

1λ =  Up to 14/8’2006 1 3 1 4 5 
 After 14/8/2006 1 3 1 4 5 

 
 

8.4: Performance of hedging models out-of-sample: semi-variance reduction 

The time profile of the semi-variance reductions for domestic hedging is illustrated in  

 

Figure 5: Semi-variance reduction of domestic hedging: out-of-sample 
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Apart for two minor occasions when the semi-variance reductions of two models 

overlap, it can be appreciated that the ordering of the models is straightforward. This 

is, from best to worst: G-Dia (1), TG-Gen (2), G-Gen (4), TG-Dia (3), and Constant 

(5). The figures in parentheses are the rankings in Table 16. Essentially, the findings 

on the in-sample comparative value of the models remain intact.  

Figure 6: Semi-variance reduction of cross hedging: out-of-sample 
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The results for cross hedging are portrayed on Figure 6. The ranking of the 

specifications, with their rankings from Table 17 in parentheses are: G-Dia (1), TG-

Dia (2), TG-Gen (3), G-Gen (4) and Constant (5). In effect, we find identical 

rankings. The diagonal models are the superior models.  

 

9: Summary and conclusions 

In general, our findings corroborate those of the many previous studies on the 

determination of the best variance-covariance structure to employ in selecting 

optimum hedge ratios. Those enquiries have mostly been for developed markets 

where there are few or no market frictions. This study is based on less developed 

markets and, to our knowledge, those for a product, fuel oil, and markets, China and 

Singapore, not previously investigated. .  

Fuel oil futures only began to be traded in SHFE in late August 2003. Also, 

the spot market in fuel oil in China is one of the most unrestricted, but it is not yet 
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totally unregulated. Given that China imports about half of her fuel oil requirements 

from abroad, and about one-third of which emanate from Singapore, there is a link 

between the spot prices in the two countries; and the Singapore market spot might be 

the better market in which to cross hedge. Hence our study evaluated both hedging 

vehicles. Our findings provide hedgers, speculators and policy makers’ information 

about the performance of the China fuel oil futures as a hedging tool in the two key 

markets.  

  The empirical findings for the in-sample period are consistent with those of 

previous studies, in that the dynamic models dominate the constant model. When 

investigating the asymmetric effect of positive and negative shocks in influencing the 

hedging ability of China fuel oil futures, we find the coefficients capturing the 

asymmetric effect for both domestic and cross border hedging are insignificant and 

the likelihood ratio test statistics suggest that these parameters should be omitted in 

the model specification. However, by including the asymmetric effects, we do obtain 

higher variance reductions for cross hedging in the Singapore market, although not for 

domestic hedging. Results from likelihood tests suggest that the GARCH General 

model is the best accepted model for the domestic hedging and the GARCH Diagonal 

is the superior specification for cross hedging in the Singapore Market.  

 
Table 22: Comparison of the rankings of the models under the three criteria: in-
sample and out-of-sample 
  TG-Gen TG-Dia G-Gen G-Dia Constant 
 Variance reduction 
Domestic 2 [2] 4 [4] 1 [1] 3 [3] 5 [5] 
Cross 1 [1] 3 [3] 2 [2] 4 [4] 5 [5] 
 Semi-variance reduction 
Domestic 2 [2] 3 [3] 4 [4] 1 [1] 5 [5] 
Cross 3 [2] 2 [2] 4[4] 1 [1] 5 [5] 
 Expected utility maximization 
 Domestic hedge 
λ=0.25 3 [3] 1 [1] 4 [4] 2 [2] 5 [5] 
λ=0.5 4 [3] 3 [1] 2 [4] 1 [2] 5 [5] 
λ=1 2 [2] 4 [4] 1 [1] 3 [3] 5 [5] 
 Cross hedge 
λ=0.25 3 [3] 2 [2] 4 [3] 1 [1] 5 [5] 
λ=0.5 1 [1] 3 [2] 2 [1] 4 [4] 5 [5] 
λ=1 1 [1] 3 [3] 2 [1] 4 [4] 5 [5] 

The first number indicates the in-sample period ranking and  [ ] is the out-of-sample ranking 
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Three different criteria are employed to assess the hedging performance of 

different hedging strategies: their ability to: minimize total risk; minimize downside 

risk; and, to maximize expected utility. The most instructive way in which to 

summarize our findings is in tabular form, and so we do so in Table 22. The latter is, 

of course, based on previous tables, figures and supporting text.  It covers both the in-

sample and the out-of-sample findings. We come to the latter findings shortly.  

Consider the in-sample findings.  In respect of variance reduction, the General 

models are the best for both domestic and cross hedging. The only difference between 

the results for the two hedges is that the TG-General and the G-General switch 

rankings between them. To minimize the semi-variance of the hedged portfolio, for 

both types of hedge, the superior specification is the G-Diagonal. Again, the rankings 

across the two hedges only diverge marginally. Finally, considering the impact on 

expected utility of the various models, as expected these differ from those for the 

preceding two criteria. They do so because of the non-zero value of the mean return 

that we have retained from the estimates (for reasons adumbrated earlier); and so 

when the risk-aversion parameter changes, the risk variable (hence, the variance of the 

portfolio) or, effectively, its variance reduction, compared to that of other models, 

does not necessarily dominate the value of expected utility. For the cross hedge, 

however, that does, in fact, nearly hold. Thus, we observe, that save for the lowest 

value of the risk-aversion parameter, the TG-General structure is the optimum one for 

cross hedging as it was when assessed by the reduction in the portfolio’s variance. For 

domestic hedging, TG-Diagonal, G-Diagonal, and G-General, dominate under a 

specific value of the risk aversion parameter.  

We now move on to the findings for out-of-sample hedging strategies 

encapsulated in Table 22. Their rankings are given in the square brackets [ ]. For both 

the variance and semi-variance reduction criteria the rankings are identical for both 

domestic and cross hedging to those from the in-sample findings. This is substantially 

the case with respect to the maximization of expected utility for cross hedging. The 

only significant switch concerns TG-General and G-General for the two higher values 

risk-aversion: they cannot now be separated. However, they were almost of equal 

standing in the in-sample period. For domestic hedging the best specifications for 

risk-aversion parameters of 0.25 and 1.0, respectively, TG-Diagonal and G-General, 

are still the best. For a parameter of 0.5, G-Diagonal has been replaced by TG-

Diagonal.    
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What about the absolute performance of the two hedging strategies? For the 

in-sample observations, the reductions in the semi-variance are greater than those in 

the variance of the portfolio returns for both types of hedge. Comparatively, China 

fuel oil is a more effective instrument than Singapore fuel oil in terms of reducing 

downside risk, and in terms of the level of expected utility it generates; it loses out to 

Singapore in regard to variance reduction.  

These conclusions are replicated when we consider the out-of-sample 

properties of the two hedges. That is confirmed by Figures 1 to 6.  

Empirically, hedging downside risk seems to be of importance to market 

participants. If that is so, then our findings demonstrate that the China fuel oil futures 

market is an effective hedging instrument: especially for the investors in domestic fuel 

oil market. For those investors, employing the either the GARCH-General or the 

TGARCH-General model would patently be the best choice for them as they 

determine their optimum hedge ratios time-by-time; constantly up-dating the 

information on volatility in order to so efficiently. The statistical findings from our 

econometric studies and the subsequent evaluation of the models under the different 

criteria out-of-sample indicate that our models are stable over time; so that the up-

dating, which is continual, and so effectively the forecasting attributes of the models 

are, in fact, soundly based on the original set of 500 observations. The procedures that 

we have adopted in that exercise, open up a promising and informative approach to 

assessing hedging models (which, as we have noted earlier, developing Ford et. al., 

2005). Also they show that when the variance-covariance structures are compared on 

the basis of, say, variance reduction, over a sample period, they could provide 

misleading rankings of the structures, since their variances might not been statistically 

significantly different from one another. At the general level, our study has shown 

that even for partially developed markets the GARCH methodology can pay 

dividends; and it is for a market that hitherto has not been studied.  
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Appendix 

 
Figure A.1: Log of the prices of China spot and futures (observations after the 
vertical line are used for the out-of-sample estimates) 
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Figure A.2: Log of the prices of China spot and futures 
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Figure A3: Daily rates of return: China spot, China futures and Singapore spot 
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