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1. Introduction

The growing interest in research on the price and volatility dynamics of energy and
agricultural commodity markets has attracted more attention following the recent surges in
both the energy and food prices. Moreover, the energy and agricultural commodity prices
have also experienced long swings and sharp fluctuations over the last decade, which are
likely to be driven more by changes in macroeconomic uncertainties, economic and financial
crises, and regulations to combat dangerous climate warming. Recent statistics show that in-
ternational nominal prices of all major food commodities reached their highest levelsin near-
ly 50 years during the first quarter of 2008. These unprecedented increases in prices of com-
modities, coupled with substantial increases in their volatility, reflect uncertain markets and
volatile environment.> Sumner (2009) shows that the percentage price increases for grains
from 2006 through mid-2008 are among the largest changes in the agricultural commodity
history. According to the International Grains Council (IGC), a dramatically increased trend
in cereal prices is observed during the period 2000-2008, particularly during the 2007-2008

food crisis.®

The recent spikes in agricultural commodity prices can be explained by at least three
factors.* First, the energy and agricultural prices have become increasingly intertwined. Bio-
fuels can be derived from agricultural commaodities. On the other hand, higher energy prices
can make the production of agricultural goods more expensive by raising the costs of me-
chanical cultivation, energy-related inputs like fertilizers and pesticides, and transportation of
both inputs and outputs. Second, the growing and more prosperous world population is de-
manding not only more food but also more diversified agricultural products. Rapid economic
growth in many emerging and developing countries has led to increases in consumption,
thereby driving up food prices. Finally, the adverse effects of the global warming of the cli-
mate change, together with the flows of speculative capital into commodity markets, have al-
so been responsible for the spikes in the food and energy prices. For example, the severe
drought in 2002-2003 in Australia, one of the world’s largest wheat producers, significantly
cut down the global wheat production, thereby leading to rising wheat prices.

2 FAO (2008)’s report “Soaring food prices: facts, perspectives, impacts and actions required”, June, 2008.

® The IGC statistics indicate that the wheat FOB price increased from US$ 107 per ton on January 3, 2000 to
USS$ 532 per ton on March 12, 2008, while the corn price rose from US$ 90 per ton on January 3, 2000 to US$
241 per ton on March 12, 2008.0n the other hand, the crude oil markets have also experienced an unprecedented
boom and unstable period following the 1997-1998 financial crisis and the 2001 Dot com bubble burst. As an il-
lustration, the West Texas Intermediate (WTI) crude oil spot price closed at $20.74 per barrel in January 2002
but broke arecord level of $133.93 per barrel in June 2008.

* International Food Policy Research Institute (April 2008). Rising Food Prices: What Should Be Done?



The above-mentioned facts suggest that there are significant interactions between en-
ergy and agricultural commodity markets. Not only the fluctuations in energy prices affect
commodity prices, but also the rising commaodity prices have various effects on energy mar-
kets as the energy demand and supply depend on agricultural production. With increasing
globalization, the gradual liberalization of financial markets, the rapid development of ad-
vanced communication technologies, and the financialization of commodities markets, the
markets of different goods and assets have become more and more interlinked. In this con-
text, it is clearly important for policy-makers and global investors to understand the cross-

market relationships, and particularly between the energy and commodity markets.

The idea thus consists of gaining valuable insights into the commodity price devel-
opment process, the price interaction mechanisms, the proper diversification opportunities,
the portfolio optimization, and the future regulation frameworks. If, for example, the return
and volatility are found to spread from one market to another, portfolio managers and poli-
cymakers would have to adjust their actions to essentially prevent contagion risks in the ad-
vent of market crashes or crises. The specific patterns of volatility in the agricultural com-
modity markets also render the study of return and volatility spillovers more attractive.
Wright (2011) reports that agricultural commaodity prices fell sharply during the summer of
2008, but recovered swiftly, and have exhibited unusually large and sustained volatility. This
volatile pattern is potentially due to a number of factors including the increasing demand in
developing countries, the depreciation of the US dollar, the supply shocks in the key produc-
ing regions, the irregular climate conditions, different stock market phases, recurring wars,
higher transaction costs, increased market depth, and the development of the biofuel industry
in the United States (Gilbert and Morgan, 2010; Baffes, 2011; Kym and Signe, 2012; Rich-
ardset a., 2012; Martine et al., 2013).

The objectives of this study are twofold. We first provide a comprehensive framework
to examine the volatility transmission among the increasingly connected oil and cereal mar-
kets. The oil commodities include WTI, European Brent, gasoline and heating oil #2, while
the cereal products comprise barley, corn, sorghum and wheat. We then analyze the impacts
of three types of the OPEC news announcements on the oil markets as well as on the relation-
ship between the oil and cereal markets under consideration in order to discern if these differ-

ent announcements induce asymmetric market signals for decision makers.

Severa reasons motivate this study. First, over the last 10 years, the cereal markets

have experienced rapid growth in liquidity and a number of investors are questioning the in-
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terest of cereal commodities as an integrative part of portfolio investments. Second, the recur-
ring large fluctuations of cereal prices have aso caused great concerns among researchers,
policy makers and market participants. Policymakers in developing countries often do not
have sufficient information to gauge the likely adverse effects of higher global food prices on
their countries and also design appropriate policy actions (Benson et al., 2013). They there-
fore require better information to assess the impact of higher cereal prices on the real and fi-
nancial aspects of their economies, and thereby appropriately design and implement national
policies and programs to smooth out the associated risks. Finally, our empirical framework
allows us to explicitly take into account the impact of the periodic OPEC announcements on
the shock and volatility transmission between the energy and cereal markets, which is not al-
ways the case in related past studies (e.g., Demirer and Kutan, 2011; Schmidbauer and

Rdsch, 2012; and references therein).

Empiricaly, we use the flexible multivariate GARCH (MGARCH) specifications,
namely the VAR-BEKK-GARCH and the VAR-DCC-GARCH models to explore the return
and volatility interactions among eight major energy and cereal commodities.” These models
allow one to simultaneously estimate the return and volatility cross-effects across the com-
modities under consideration. On the other word, the multivariate GARCH approach provides
further explanations of the origins, directions and transmission intensity of the shocks in at
least two markets. The BEKK models capture the effects on the current conditional volatility
of own innovations and lagged volatility as well as the cross market shocks and the volatility
transmission of other markets. The DCC models drop the unrealistic hypothesis of time-
invariance of the conditional correlations over time.

Interestingly, the DCC models are commonly used to create and evaluate a portfolio,
while the BEKK models and covariance models are employed to forecast the Vaue-at-Risk
(VaR) thresholds. The information revealed from these methods allows for an optimal asset
allocation, construction of global hedging policies and the development of various regulatory
requirements. Caporin and McAleer (2009) show many similarities and dissimilarities be-
tween the BEKK and DCC models.® In this study, we look at the relevance role of OPEC an-
nouncements as a possible driver of the returns and volatility of the fuel and cereal group of

commodities.

® The acronym BEKK refers to Baba, Engle, Kraft and Kroner, while DCC means Dynamic Conditional Corre-
lations.

® For more details on convergence and divergence points between the BEKK and DCC models, see Caporin and
McAleer (2009).



Using daily data from 3 January 2000 to 29 January 2013, our main results provide
evidence of significant volatility transmission among the oil and cereal markets. More inter-
estingly, the OPEC news announcements are found to exert influence on the oil markets as
well as on the oil-cereal relationships. Finally, we show that the persistence of commodity
volatility decreases (increases) for the crude oil and heating (gasoline) returns. However, the
results are more mixed for the cereal markets after accounting for the OPEC announcements
in the multivariate GARCH models.

The rest of this article is organized as follows. Section 2 presents a brief review of the
major studies in the related literature. Section 3 introduces the econometric methodology.
Section 4 describes the data and some preliminary analysis. Section 5 reports and discusses

the empirical results. We provide concluding remarks in Section 6.

2. Literaturereview

There is now an emerging strand of the literature that focuses on the shock transmis-
sion and volatility spillovers between the energy and agricultura commodity markets, using
different datasets and various econometric methods (e.g., Chen et al., 2010; Serra, 2011; Du
et a., 2011; Nazlioglu, 2011; Nazlioglu and Soytas, 2011; J and Fan, 2012; Hammoudeh et
a., 2012; Mensi et al., 2013; Creti et al., 2013; Nazlioglu et al., 2013). This growing litera-
ture has generally demonstrated significant interactions of the return and volatility between
the energy and agricultural commodity markets, but the strength of these interactions typical-

ly depends on the pairs of markets considered.

For instance, Chen et a. (2010) examine the relationships between the crude oil WTI
futures price and the global grain prices for corn, soybean and wheat, and conclude that the
grain price changes are significantly influenced by the changes in the price of crude oil and
other grains. Nazlioglu (2011) investigates the causal relationships between the world oil and
three agricultural commodity prices (corn, soybeans and wheat), and shows evidence of non-
linear feedbacks. The author also finds evidence of a persistent unidirectional nonlinear cau-
sality running from the oil prices to the corn and soybeans prices. In a related study,
Nazlioglu and Soytas (2011) examine the short- and long-run interdependence between the
world oil prices, lira—dollar exchange rate, and individual agricultural commodity prices (i.e.,
wheat, maize, cotton, soybeans, and sunflower) in Turkey. These authors find evidence of

neutrality for the agricultural commodity markets in Turkey with respect to both the direct



and indirect effects of the oil price changes. More precisely, they show that the Turkish agri-
cultural prices do not significantly react to shocks affecting the oil prices and the exchange
rates in the short-run. In addition, the long-run causality analysis indicates that the changes in
the oil prices and the appreciation/depreciation of the Turkish lira are not transmitted to the
agricultural commodity pricesin Turkey. Sari et al. (2012) examine the roles of futures prices
of crude oil, gasoline, ethanol, corn, soybeans and sugar in the energy—grain nexus, while
considering the own- and cross-market impacts for the lagged grain trading volume and the
open interest in the energy and grain markets. They reveal that the conventional view, which
states that the impacts run from oil to gasoline to ethanol to grains in the energy—grain nexus,
does not hold well in the long-run because the oil price is influenced by gasoline, soybeans
and soybean oil. Moreover, gasoline is preceded by only the oil price, and ethanol is not fore-
shadowed by any of the prices. Equally important, there is a two-way feedback in the short-
run for all markets. The grain trading volume effect across the oil and gasoline markets is
more pronounced in the short-run than in the long-run.

Vivian and Wohar (2012) examine whether there are structural breaks in the commod-
ity spot return volatility. They first use the iterative cumulative sum of squares procedure to
detect structural change and then the GARCH (1,1) to model the volatility dynamics during
each regime. They report very limited evidence of commodity volatility breaks during the re-
cent financial crisis, and find that the commodity volatility persistence remains very high for
many commodity returns even after structural breaks have been accounted for. Reboredo
(2012) examines the dependence structure between the food and oil markets through the cop-
ula approach and find weak oil-food dependence and no extreme market dependence between
the oil and food prices.

Serra (2011) uses a semi-parametric GARCH model to examine the volatility trans-
mission between the crude oil, ethanol and sugar prices in Brazil and finds strong volatility
links. Similarly, Du et al. (2011) show evidence of volatility spillovers among the crude oil,
corn and wheat markets after the fall of their prices in 2006. They explain the results by the
presence of tightened interdependence between the crude oil and other commodity markets,
which is induced by ethanol production. Using a bivariate EGARCH model with time-
varying correlations, Ji and Fan (2012) discuss the connection between the crude oil market
and the non-energy commodity markets before and after the 2008 financial crisis. While con-
sidering the US dollar index as an exogenous shock, these authors find that the crude oil mar-
ket has significant volatility spillover effects on non-energy commodity markets and that the

influence of the US dollar index on commodity markets has weakened since the crisis. In a
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more recent study, Mens et a. (2013) use the VAR-GARCH model to investigate the return
links and volatility transmission between the S& P 500 and the commaodity price indices for
energy, food, gold and beverage over the turbulent period 2000-2011. They document signif-
icant volatility transmission between the S& P 500 index and the commodity markets. In par-
ticular, they show that past shocks and past volatility of the S& P 500 index have strong influ-
ence on the oil and gold markets.

Similarly, Creti et al. (2013) use a DCC-GARCH model to investigate the connections
between the price returns for 25 commodities covering various commodity and equity sectors
including energy, precious metals, agricultural, non-ferrous metals, food, oleaginous, exotic
and livestock, and stocks. These authors find that the correlations between the commodity
and stock markets evolve through time and are highly volatile, particularly since the 2008
subprime mortgage crisis. Nazlioglu et al. (2013) examine volatility transmission between the
oil and selected agricultural commodity prices (wheat, corn, soybeans, and sugar), but apply
the newly developed causality in the variance test of Hafner and Herwartz (2006) and the im-
pulse response functions. Their results obtained from the variance causality test show that the
oil market volatility spills over to the agricultural markets- with the exception of sugar- in the
post-crisis period (January 1, 2006 to March 21, 2011). However, there is no risk transmis-
sion between them in the pre-crisis period (January 1, 1986 to December 31, 2005).
Gardebroek and Hernandez (2013) use the multivariate GARCH approach to examine volatil-
ity transmission between the ail, ethanol and corn prices in the United States. The empirical
results support a higher correlation between the ethanol and corn markets particularly after
2006 when ethanol became the sole aternative oxygenate for gasoline. Moreover, they show
significant volatility spillovers from the corn to the ethanol prices but not the converse. How-
ever, they fail to find maor cross-market volatility effects running from the oil to the corn
markets. Similarly, Wu and Shiping (2013) analyze the volatility spillovers in China’s crude
oil, corn and fuel ethanol markets and find bidirectional spillovers between the corn and fuel
ethanol markets. Furthermore, no significant spillover effects from the corn and fuel ethanol

markets to the crude oil market are observed.

Differently, Richards et al. (2012) focus on the asymmetric reactions of firms to posi-
tive commodity price shocks and negative commodity price shocks. Specifically, they con-
sider the recent volatility in food commodity prices over the period 2007-2010 and investi-
gate how commodity price shocks translate into market power in two different vertically-

structured food product industries. potatoes and fluid milk. They find that both the wholesale



and retail market power in potatoes industry decreases (increases) during periods of rising
(falling) commodity prices. The price—cost margins also widen in response to negative shocks
substantially greater than they narrow in response to positive shocks. As to fluid milk, the
market power likewise is found to decline during periods of rising commodity prices, but

does not significantly change during periods of falling commodity prices.

It is finally worth noting that the multivariate GARCH-based models have been used
in a number of studies focusing on commodity markets, and their comparative performance
has also been examined. Some studies have demonstrated the superiority of the VAR-
GARCH model of Ling and McAleer (2003) over severa alternatives in modeling return and
volatility cross effects. For example, Hammoudeh et al. (2009) show that the VAR(1)-
GARCH(1,1) model is useful and suitable for modeling the dynamic volatility and volatility
transmission for three magjor industria sectors (Service, Banking and Industrial/or Insurance)
in four Gulf Cooperation Council (GCC) countries. Using crude oil and stock market data,
Arouri et a. (2011) provide evidence of the superiority of the VAR-GARCH model over
three competing models (CCC-GARCH, DCC-GARCH and BEKK-GARCH) in terms of

portfolio diversification and hedging effectiveness.

Chang et al. (2011) also compare the performance of several dynamic multivariate
volatility models (CCC, VARMA-GARCH, DCC, BEKK and diagonal BEKK) by calculat-
ing the optimal portfolio weights and optimal hedge ratios for the crude oil spot and futures
markets. These authors indicate that the weights of the optimal portfolio in all multivariate
volatility models for the Brent oil suggest holding oil futuresin larger proportions than Brent
spot. For the WTI market, the DCC, BEKK and diagonal BEKK specifications suggest hold-
ing more crude oil futures than spot, but the CCC and VARMA-GARCH specifications sug-
gest holding more crude oil spot than futures. Overall, their results indicate that the diagonal
BEKK isfound to be the best model for crude oil hedging effectiveness.

3. Econometric methodology

Since the objective of our study is to examine the return and volatility spillovers be-
tween the energy and cereal markets, the MGARCH models appear to be the most suitable
approach. In particular, we rely on the use of two relatively flexible volatility models that ex-
plicitly incorporate the direct transmission of shocks and volatility across markets. This sec-

tion begins with the presentation of the conditional means in the multivariate framework, and



then introduces the two MGARCH specifications under consideration.
3.1 VAR model for the conditional mean specification

For the empirical analysis on return spillovers, we assume that the conditional mean
of returns on the energy and cereal markets can be described by a vector autoregressive
(VAR) model. In the two-variable case, aVAR (1) model can be set up as follows’

re=nf+ar’ +b°r’, +e’ (1)
ro=nf+ar’, +br’ +e’ 2

where r° and r,° are the logarithmic returns of the energy and cereal price series, respective-
ly. The residuals, e and e/, are assumed to be serially uncorrelated, but the covariance
E(e’ e’) needs not be zero. The coefficients a® and a® provide the measures of own-mean

spillovers, whereas the coefficients b® and b® measure the cross-mean spillovers between the

energy and cereal markets.
3.2 MGARCH models for conditional variance

We model the dynamics of the conditional volatility and volatility interdependence
between the energy and cereal markets by using two multivariate GARCH (1,1) specifica-
tions. The first specification is the full BEKK-GARCH model developed by Engle and Kro-
ner (1995), which is suitable for accounting for not only volatility persistence of each market
but also for the own- and cross-volatility spillover effects between the markets. The second
specification is the DCC-GARCH model proposed by Engle (2002), which is flexible enough
for modelling large variance-covariance matrices and explicitly accommodates the cross-

market comovements through time.2

We define the conditional variance-covariance matrix (H,) of the residuals (e; and

e’ ) asfollows

& 1€, ~N(OH,), H, E|:E: E:} (©)

wheree, isthe (2x1) vector of residuals that we obtain from the VAR model and €, , isthe

" The appropriate lag length of the VAR model is determined using the SIC information criteria. See also Table
3 for more details.
8 Bauwens et al. (2006) provide a comprehensive survey of the MGARCH models.



information set containing all the information available up to time (t—1). Note that different
specifications of H, will lead to different multivariate GARCH models. For instance, Engle

and Kroner (1995) introduce the BEKK representation of the multivariate GARCH models by
specifying the positive definite covariance matrix. Specifically, the bivariate BEKK-GARCH

takes the following form

H,=CC'+ Ag, & ,A+BH_,B 4

where Cis a (2x2) upper triangular matrix of constants with elementsg;; A is a (2x2)
matrix of coefficients a; that capture the effects of own shocks and cross-market shock in-

teractions; and B isa (2x2) matrix of coefficients b, that capture the own volatility persis-

tence and the volatility interactions between markets i and j. The estimation of the BEKK-
GARCH models is carried out by the quasi-maximum likelihood (QML) method, where the

conditional distribution of €, is assumed to follow a joint Gaussian log-likelihood function
for asample of T observationsand K = 2 in bivariate model as follows’
T

IogL=—%Z[klog(ZpHIn|Ht|+et’Ht1et]. 5)

t=1
Engle (2002) develops a MGARCH model with dynamic conditional correlations
(DCC) where the positive definiteness of H, is guaranteed under simple conditions imposed

on specific parameters. The most attractive feature of the DCC-GARCH model is that it al-
lows for directly inferring the time-varying correlations between energy and cereal markets as
well as for dealing with a relatively large number of variables in the system. In the bivariate

case, the variance-covariance matrix of residualsis specified as

thDthDt! (6)

where D, = diag(w/ he ,«/n"c) isthe (2x 2) diagonal matrix of the conditional standard devia-

tions of the residuals, which are obtained from taking the square root of the conditional vari-

ance modelled by a univariate GARCH(1,1) process, h =w+ae?, +bh_,. Moreover, R, is

amatrix of time-varying conditional correlations, which is given by

% | the conditional distribution is not normal, the quasi-maximum likelihood estimation is used to maximize the
log-likelihood function. For the asymptotic properties of the ML and QML estimator, see Jeantheau (1998) and
Comte and Lieberman (2003).
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R =[pl ]=diag(Q) 7% Q diag(Q) . (7)

The (2x 2) symmetric positive-definite matrix R, depends on sguared standardized
r%iduals( u, =g //h ) , their unconditional variance-covariance matrix (Q), and its own
lagged value according to Eg. (8).

Q =(1-k, -k, )Q+k,u_u_, +k,Q,,, withk,,k, >0 and k, +k, <1.  (8)

Thus, we can rewrite the bivariate DCC-GARCH (1,1) model asfollows

RO :[ e e Jhhe
prfhh®  hE

The correlation coefficient between energy and cereal markets at timet is given by

H . 9)

rtec — Etfz[et et ] - . (10)
VELE) IVE ()]
The parameters of the DCC-GARCH model are estimated by using the quasi-
maximum likelihood (QML) method with respect to the log-likelihood function in Eq. (11)

and according to a two-step estimation procedure. In the first stage, we fit the univariate

GARCH(1,1) model for each of the return series and obtain the estimates of h'. In the se-

cond stage, the estimated parameters of the first stage are used to compute the dynamic con-

ditional correlations.

1 T
logL = —EZ[klog(Zn)+2log|Dl|+Iog‘R[‘+g{R{1st] (11)
t

=1

4. Sample data and preliminary analysis

We use daily closing spot price data for four oil markets including Europe Brent,
West Texas Intermediate (WTI), gasoline, and heating oil #2 as well as for four cereal mar-
kets comprising barley, corn, sorghum and wheat (in FOB Gulf). The study period runs from
January 3, 2000 through January 29, 2013, which covers several episodes of wide instabilities
and crises (e.g., Gulf wars, terrorist attacks, Libyan revolution, the food price surge of 2007-
2008, and the global financial crisis). The datafor the oil prices are extracted from the Energy

Information Administration (EIA), while the data for the cereal prices come from the Interna-
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tional Grains Council (IGC). We also consider the announcements of the OPEC regarding the
decisions on oil production level that are taken during its official meetings. The list of official

announcements was compiled from the press releases reported by the OPEC secretariat.

As the OPEC announcements may have asymmetric effects on the behavior of oil
prices, we distinguish between “cut” decisions, “maintain” decisions and “hike” decisions
concerning oil production. Surprisingly, a “maintain” decision may have more impact on
prices and volatility than the other two decisions because it may signal that OPEC’s house is
in order and OPEC isin control. Over the study period, we gathered atotal of 56 OPEC meet-
ings. From the OPEC interventions, we observe 12 decisions to cut, 33 decisions to maintain,
and 11 decisions to increase the current level of oil production. The OPEC decisions are the
main driver of the oil price shifts and those decisions’ influence on the crude oil price return
volatility is generally occasional and transitory. Indeed, Bina and Vo (2007) show that the
volatility impact of the OPEC production decisions is transitory and this impact is confined
strictly within event windows. They add that the global oil market is the prime mover, while

OPEC followsiits trgjectory accordingly and consistently.

Figure 1 displays the dynamics of the daily oil and cereal prices. We can see some
periods of significant price fluctuations and the patterns of price development are somewhat
similar for the oil types and the cereals. The red-shaded regions represent the spectacular de-
cline in oil prices between July 1, 2008 and April 1, 2009 which occurred near the bottom of
the recent global financial and food crises. During the same period, the cereal prices show a
concurrent drop with the decrease in the oil prices (see the shaded zone), indicating higher
correlations among both commaodities during that time period. For example, the WTI (Brent)
price reached $US 145.16 ($US 135.24) per barrel on July 14, 2008 and then dropped to $US
104.05 ($US 109.33). However, for the cerea prices, the wheat (corn) price attained $US
342 ($277) fob Gulf and the plunged to $US 237 ($173) in April 2009. The spikes in the
prices of oil and cerea are shown between January 2007 and April 2008 (see the shaded blue
region), indicating the impact of the 2007-2008 food crisis. The common trend between the
oil and cereal commaodity prices justifies the presence of shocks and volatility transmission

between both markets, and thus warranting the use of the multivariate approach.
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Fig. 1: Daily price dynamics of the oil and cereal markets

We calculate the continuously compounded daily returns by taking the difference in
the logarithms of two consecutive prices. Table 1 provides the descriptive statistics of the dai-
ly returns and the results of statistical tests. Panel A of Tablel shows that the average daily
returns range from 0.0295% (for wheat) to 0.0466% (for heating oil). The unconditional vola-
tility as measured by the standard deviation ranges from 1.39 (barley) to 2.89 (gasoline). The

skewness coefficients are negative for all return series, except the gasoline and whest returns.
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The kurtosis coefficients are above three for al the return series. These findings indicate that
the probability distributions of the oil and cereal returns are skewed and leptokurtic, which
thus rejects the normality that is also confirmed by the Jarque-Bera statistics (JB). The Q-
statistics show that al the return series are serialy correlated, except for the wheat return.

The information contained in the past returns is thus relevant for return forecasting.

The Augmented Dickey-Fuller (ADF) and the Phillips-Perron (PP) unit root tests as
well as the Kwiatkowski-Phillips-Schmidt-Shin (KPSS) stationarity test are also performed.
The results reported in Panel B of Table 1 indicate that all the return series are stationary at
the 1% level. Finally, the Engle (1982) test for conditional heteroscedasticity shows that the
ARCH effects are significantly present in al the return series, which clearly supports our de-
cision to use the GARCH-based approach to examine the return and volatility transmission

among the oil and cereal markets.

Table 1: Statistical properties of daily returns

WTI Brent Heating Gasoline Wheat Corn Sorghum Barley
Panel A: Basic descriptive statistics
Mean 0.0378 0.0462 0.0466 0.0442 0.0295 0.0338 0.0345 0.0311
Std. dev. 2.5415 2.3525 2.7378 2.8859 16353 16776 1.6691 1.3856
Skewness -0.2614 -0.2847 -1.7501 0.0267 0.0275 -0.0936 -0.2440 -0.1143
Kurtosis 7.5057 84176  45.0681 7.1251 49091 6.0277 7.1426  30.1865
JB 279478  4030.76 242051.40  2311.77 49546 1249.97 2363.46 100402.20
Q(20) 56.017" 46.81"" 69.53""  40.09""" 21.83 30.80" 44.19"" 82.07"
Panel B: Unit root tests
ADF -58.48™"  -56,73"" -57.38"" 55147 -56.02""" -54.58"™" -53.43"" -21.66""
PP -58.68™" -56.74™" 5757 -5511""" -56.02""* -54.54™" -53.44"* 5557
KPSS 0.04 0.03 0.04 0.02 0.04 0.04 0.04 0.06
Panel C: Conditional heteroscedasticity test
ARCH-LM +++ +++ +++ +++ +++ +++ +++ +++
tests 189.40 24.28 172.19 155.31 71.44 89.92 49.09 12.36

Notes: J-B and Q(20) refer to the empirical statistics of the Jarque-Bera test for normality and the Ljung-Box
test for autocorrelation, respectively. ADF, PP and KPSS are the empirical statistics of the Augmented Dickey
and Fuller (1979), and the Phillips and Perron (1988) unit root tests, and the Kwiatkowski et al. (1992) station-
arity test, respectively. ™ denotes the rejection of the null hypotheses of normality, no autocorrelation, unit root,
non-stationarity, and conditional homoscedasticity at the 1% significance level.

Table 2: Unconditional correlations of samplereturns.

WTI Brent Heating Gasoline Wheat Corn Sorghum Barley
WTI 1.0000 056577 0.6326"" 0.6282""" 0.2080"" 0.2183""  0.2196"" 0.1202""
Brent 1.0000 0.4598"" 04526 0.1392"*" 0.1555"""  0.1600""" 0.1409""*
Heating 1.0000  0.5953"*" 0.1524™" 0.16217"  0.1621"" 0.0867"
Gasoline 1.0000 0.1273""* 0.1298™"  0.1389""" 0.0696""
Wheat 1.0000 055247  0.5443™" 0.2037""
Corn 1.0000 0.8301"" 0.1540™"
Sorghum 1.0000 0.1786™"
Barley 1.0000

T

Notes: This table reports the Pearson correlations. ™ denotes significance at thel% level.
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Table 3: Pairwise Granger causality tests between returns of energy and cereal markets.

Null hypothesis Lags F-value Null hypothesis Lags F-value
WTI #> Whesat 1 8.0801"™"  Wheat > WTI 1 0.1517
WTI %> Corn 1 6.0549""  Corn=> WTI 1 0.0194
WTI #> Sorghum 1 14723  Sorghum=> WTI 1 0.0986
WTI #> Barley 1 436177 Barley #> WTI 1 1.2211
Brent => Wheat 1 2.9575"  Wheat #> Brent 1 17.6122""*
Brent=> Corn 1 3.4956°  Corn=> Brent 1 11.5765""
Brent > Sorghum 1 25685  Sorghum=> Brent 1 15.1067"
Brent => Barley 1 0.6925  Barley #> Brent 1 0.0282
Heating > Whest 1 4.7607"  Wheat #> Heating 1 3.4943"
Heating #> Corn 1 1.8064  Corn=> Heding 1 0.0927
Heating => Sorghum 1 0.5288  Sorghum > Hedting 1 0.3590
Heating > Barley 1 55079  Barley #> Hedting 1 0.3664
Gasoline #> Whest 1 3.8699"" Wheat > Gasdline 1 0.0183
Gasoline=> Corn 1 05418  Corn=> Gadine 1 2.2167
Gasoline=> Sorghum 1 0.0008  Sorghum=> Gasdline 1 0.0534
Gasoline#> Barley 1 23152  Barley #> Gasdline 1 0.4403

Notes: The symbol “ > " means “does not Granger-cause.” To select the order of lagsfor Granger causality test,
the Schwarz information criterion (SIC), also known as the Bayesian information criterion (BIC), is used.
7 and T indicate argiection of the null hypothesis a the 1%, 5% and 10% significance levels, respectivedly. The num-
bersarethe vauesfor the Fdatidtic.

Table 2 presents the correlation matrix for sample returns. We find significant and
positive correlations for all cases. The highest correlation is observed for the corn-sorghum

market pair, while the lowest correlation is for the barley-heating oil market pair.

Before studying the volatility spillovers across the oil and cereal markets, we carry out
the conventional Granger causality test to obtain information of how these markets are linked
to each other. The results in Table 3 show evidence of various causal relationships. First,
there is a unidirectional causality running from the WTI market to three cerea markets
(wheat, corn and barley), supporting the spillover from the WTI oil prices to the food and
animal feed prices. The causality is bidirectional from the Brent market to the wheat and corn
food markets, but only unidirectional from the sorghum market to the Brent market.
Interestingly, the Granger causality among the heating oil, gasoline and cereal marketsis less
pronounced than between the crude oil and cereal markets, probably because gasoline and
heating oil are not used in fertilizers and pesticides. However, we still find a bidirectional
causality between the heating oil and the wheat markets, and a unidirectional causality
running from the heating oil market to barley market, as well as from the gasoline market to
the wheat market. Overall, these findings, abeit dependent on the exact specification of the
linear Granger causality tests, suggest the presence of substantial causal feedbacks between
the oil and cereal markets. The predominant causality between the WTI and Brent oil markets
can be explained by the global nature of these markets.
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5. Empirical results
5.1 Return and volatility spillovers between crude oil and cereal markets

Table 4 shows the estimates of the VAR-BEKK-GARCH models without and with
the three types of the OPEC news announcements for the WTI markets. Taking a close ook
at the mean equations when the dummy variables for the OPEC production decisions are not
accounted for, both the oil and cereal current returns (with the exception of the wheat return)
depend on their own past returns (a° a°). This finding shows some evidence of short-term
predictability in commodity price changes through time. We also find a bidirectiona mean
spillover (b°® b®) across the WTI and wheat markets. The one-period lagged WTI returns in-

fluence the current corn returns, and also the past WTI returns affect the sorghum returns.

Asto the conditional variance equations, the current conditional volatility of the ener-
gy and cereal markets is determined by their both own past shocks (aq; and ay,) and the condi-
tional past volatility (by; and byy). Furthermore, a bidirectional cross-market shock effects (
2, a,,) across the WTI and barley markets is found, and the past WTI volatility (b,) affects

the corn conditional volatility, likely due to their connection with the extraction of ethanal.
By contrast, the past volatility of wheat and barley (b,, ) influences the WTI conditional vola-
tility. When the OPEC news announcements are introduced as a binary variable, both the cut
and increase production decisions affect the conditional volatility of the WTI crude oil mar-
kets. The presence of OPEC cut/maintain/increase decisions decreases the short-run persis-
tence (ARCH coefficients). There is aso only significant unidirectional spillover from the
wheat to the WTI markets.

For comparison purposes, we estimate the VAR-DCC-GARCH model for the WTI
and cereal markets and report the resultsin Table 5. The estimates of the DCC parameters (k1
and k) are statistically significant in all cases, leading to the rejection of the assumption of
CCC (constant conditional correlations) for all news to returns. The short-run persistence of
the shocks on the DCC is the highest for wheat at 0.018 (0.019 when we consider the dummy
variables), while the largest long-run persistence of shocks to the DCC is 0.998 for barley.
The cut decisions affect significantly all markets, while the increase decisions affect the ener-
gy and corn markets. The maintain decisions have a significant effect on both the sorghum

and barley cereal markets.
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Table 4: Estimation results of the VAR-BEK K-GARCH model without and with OPEC news announce-

ments (WTI)
WTI - Wheat WTI -Corn WTI - Sorghum WTI - Barley
Coef. without  withOPEC  without  withOPEC  without withOPEC  without  with OPEC
OPEC news news OPEC news news OPEC news news OPEC news news
Panel A: Conditional mean
me 0.089 0.083 0.087 0.076 0.086 0.080 0.102 0.093
(0.03¢)**  (0.038)**  (0.036)**  (0.037)**  (0.036)**  (0.039)** (0.037)***  (0.039)**
e -0.038 -0.040 -0.036 -0.038 -0.031 -0.034 -0.035 -0.037
(0.017)** (0.013)***  (0.017)**  (0.016)** (0.016)*  (0.018)**  (0.016)**  (0.018)**
be 0.044 0.048 0.009 0.007 0.045 0.043 -0.023 -0.021
(0.024)* (0.023)* (0.022) (0.022) (0.024)* (0.029)* (0.026) (0.028)
cut® -0.540 -0.425 -0.485 -0.529
(0.825) (0.705) (0.751) (0.790)
maintain® 0.107 0.031 0.069 0.167
(0.396) (0.419) (0.362) (0.390)
increase® 0.684 0.544 0.412 0.467
(0.981) (0.899) (0.910) (0.921)
me 0.027 0.026 0.011 0.008 0.043 0.035 0.047 0.049
(0.029) (0.025) (0.023) (0.028)  (0.022)** (0.023) (0.015)***  (0.021)**
ac 0.022 0.024 0.042 0.041 0.127 0.136 0.096 0.095
(0.017) (0.019) (0.017)**  (0.016)** (0.018)*** (0.021)*** (0.023)*** (0.021)***
b¢ -0.023 -0.024 -0.031 -0.032 -0.015 -0.015 -0.002 -0.004
(0.010**  (0.020)** (0.012)*** (0.012)*** (0.009) (0.009)* (0.007) (0.008)
cut® 0.143 0.376 0.024 -0.108
(0.301) (0.430) (0.291) (0.239)
maintain® -0.057 0.182 0.363 0.304
(0.252) (0.259) (0.300) (0.219)
increase’ 0.059 -0.751 -0.445 -0.580
(0.419) (0.473) (0.309) (0.347)*
Panel B: Conditional variance
C, 0.346 0.302 0.377 0.290 0.318 0.287 0.302 0.285
(0.032)*** (0.044)*** (0.033)*** (0.065)*** (0.030)*** (0.046)*** (0.040)*** (0.045)***
C, -0.029 -0.063 -0.066 -0.092 -0.048 -0.054 0.204 0.222
(0.028)  (0.031)** (0.037)* (0.054)* (0.031) (0.029)* (0.072)***  (0.095)**
C,, -0.095 -0.067 0.209 0.234 0.110 0.023 -0.578 0.561
(0.017)*** (0.040)* (0.020)***  (0.065)***  (0.015)*** (0.066) (0.027)***  (0.044)***
a, 0.243 0.222 0.251 0.208 0.218 0.198 0.220 0.201
(0.020)*** (0.022)*** (0.011)*** (0.034)*** (0.009)*** (0.023)*** (0.010)*** (0.018)***
a, 0.007 0.007 -0.010 -0.001 0.000 0.000 -0.017 -0.015
(0.008) (0.007) (0.008) (0.010) (0.007) (0.007) (0.009)* (0.011)
a,, -0.020 -0.020 -0.013 0.002 0.014 0.009 0.119 0.112
(0.019) (0.022) (0.023) (0.024) (0.020) (0.021) (0.030)***  (0.033)***
a,, 0.173 0.174 0.217 0.244 0.259 0.216 0.555 0.582
(0.020)*** (0.016)*** (0.013)*** (0.044)*** (0.010)*** (0.013)*** (0.012)*** (0.038)***
b, 0.959 0.963 0.955 0.967 0.967 0.969 0.968 0.970
(0004 * %k (0.007)*** (0005 * ok k (0010 * %k (0003 * %k (0.007)*** (0004 * %k (0005 * %k
b, -0.001 0.000 0.006 0.004 0.002 0.001 0.005 0.003
(0.002) (0.002)  (0.003)** (0.003) (0.002) (0.002) (0.005) (0.006)
b,, 0.010 0.011 0.011 0.008 0.003 0.004 -0.071 -0.062
(0.005)*  (0.005)** (0.007) (0.008) (0.005) (0.005) (0.017)*** (0.021)***
b,, 0.983 0.982 0.966 0.958 0.966 0.974 0.751 0.743
(0.002)*** (0.004)*** (0.004)*** (0.016)*** (0.002)***  (0.003)*** (0.010)*** (0.027)***
cutyy 1.592 1.483 1.638 1.352
(0.364)*** (0.410)*** (0.358)*** (0.335)***
cuty, 0.140 0.069 0.023 -0.335
(0.152) (0.205) (0.132) (0.230)
Cuty, 0.067 -0.234 -0.023 -0.561
(0.195) (0.271) (0.163) (0.291)*
maintaing; -0.972 -1.043 -0.923 -1.058
(0.353)*** (0.303)*** (0.334)*** (0.305)***
maintain,, -0.225 -0.249 -0.362 -0.461
(0.302) (0.272) (0.388) (0.466)
maintain,, 0.470 -0.234 1.048 0.327
(0.285) (0.416) (0.181)** (0.191)*
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increase;; 2.115 2.053 2.046 1.931
(0.313)*** (0.308)*** (0.290)*** (0.314)***
increase;, 0.080 0.197 0.056 -0.296
(0.183) (0.217) (0.123) (0.440)
increasey, 0.067 -0.234 -0.023 0.188
(0.968) (0.441) (0.188) (0.245)

Panel C: Diagnostic test
logL -13251.011 -13229.214 -13403.195 -13381.644 -13224.498 -13173.933 -12725.520 -12702.176
HQ(20) 77.100 80.125 80.088 78.679 75.745 76.878 98.085 97.671
[0.507] [0.412] [0.413] [0.457] [0.551] [0.514] [0.061]* [0.065]*
HQ.(20) 108.461 118.104 80.111 85.084 66.393 87.502 264.175 119.808
[0.012]** [0.002]*** [0.412] [0.272] [0.822] [0.216] [0.000]*** [0.002]***
Notes: In every pair, superscripts e and ¢ represent the energy market and the cereal market, respectively. HQ(20) and

HQ,(20) are Hosking's multivariate portmanteau Q-statistics on the standardized residuals and the standardized squared

residuals, respectively. *, ** and *** indicate the rejection of the ¢ -test at the 10%, 5% and 1% significance levels, re-
spectively. The standard errors (S.E.) are reported in the parentheses, while the P-values are reported in the brackets.

Table 5: Estimation results of the VAR-DCC-GARCH model without and with OPEC news announcements

(WTI)
WTI - Wheat WTI - Corn WTI - Sorghum WTI - Barley
Cosf. without  withOPEC  without  withOPEC  without  withOPEC  without  with OPEC
OPEC news news OPEC news news OPEC news news OPEC news news
Panel A: Conditional mean
me 0.089 0.087 0.083 0.083 0.092 0.075 0.092 0.092
(0.039)**  (0.039)**  (0.039)**  (0.036)** (0.036) (0.040)*  (0.038)** (0.036)*
a° -0.036 -0.039 -0.033 -0.035 -0.030 -0.036 -0.043 -0.045
(0.020)*  (0.019)** (0.019)*  (0.017)** (0.019) (0.018)**  (0.019)** (0.017)***
be 0.040 0.044 0.004 0.004 0.038 0.045 -0.009 -0.009
(0.024)* (0.024)* (0.024) (0.023) (0.025) (0.026)* (0.025) (0.025)
cut® -0.406 -0.222 -0.298 -0.130
(0.783) (0.659) (0.744) (0.617)
maintain® 0.159 0.096 0.109 0.216
(0.385) (0.441) (0.383) (0.434)
increase® 0.517 0.455 0.562 0.460
(1.087) (1.653) (0.875) (1.715)
m° 0.027 0.027 0.008 0.013 0.053 0.033 0.036 0.041
(0.025) (0.026) (0.028) (0.022)  (0.023)**  (0.000)*** (0.020)*  (0.013)***
ac 0.022 0.023 0.041 0.041 0.135 0.075 0.099 0.105
(0.020) (0.019) (0.019)**  (0.018)** (0.022)*** (0.001)*** (0.023)*** (0.023)***
be -0.025 -0.025 -0.033 -0.034 -0.015 -0.017 -0.011 -0.015
(0.010)**  (0.010)** (0.012)***  (0.011)*** (0.009)* (0.010)* (0.008)  (0.006)**
cut® 0.066 0.287 0.092 -0.101
(0.270) (0.444) (0.112) (0.046)**
maintain® -0.026 0.185 0.341 0.287
(0.238) (0.272) (0.228) (0.307)
increase’ 0.007 -0.759 -0.573 -0.548
(0.319) (0.416)* (0.042)*** (0.622)
Panel B: Conditional variance
we 0.141 0.122 0.146 0.126 0.134 0.087 0.138 0.121
(0.044)***  (0.039)*** (0.049)*** (0.023)*** (0.041)*** (0.030)*** (0.042)*** (0.024)***
we 0.014 0.019 0.085 0.091 0.011 0.264 0.379 0.441
(0.005)***  (0.006)*** (0.025)*** (0.011)*** (0.004)*** (0.000)*** (0.045)*** (0.021)***
a® 0.066 0.062 0.070 0.066 0.068 0.047 0.069 0.066
(0.012)***  (0.013)*** (0.013)*** (0.006)*** (0.011)*** (0.011)*** (0.012)*** (0.006)***
ac 0.042 0.040 0.085 0.080 0.080 0.112 0.362 0.488
(0.007)***  (0.007)*** (0.017)*** (0.008)*** (0.009)*** (0.005)*** (0.044)*** (0.018)***
be 0.911 0.912 0.906 0.908 0.911 0.932 0.908 0.909
(0.017)***  (0.018)*** (0.020)*** (0.009)*** (0.016)*** (0.014)*** (0.017)***  (0.009)***
b 0.954 0.954 0.887 0.892 0.924 0.818 0.532 0.453
(0.008)***  (0.008)*** (0.023)*** (0.009)*** (0.007)*** (0.001)*** (0.042)*** (0.015)***
cut® 2.592 2.381 3.337 2.690
(1.385)* (1.325)* (1.162)*** (1.284)**
cut® -0.476 -0.938 -1.368 -0.817
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(0.142)*** (0.189)*** (0.008)*** (0.170)***

maintain® 0.381 0.376 0.758 0.483
(0.495) (0.445) (0.497) (0.465)
maintain® 0.087 -0.241 -0.514 0.574
(0.164) (0.206) (0.228)** (0.228)**
increase® 5.785 5.614 6.070 5.821
(1.690)*** (0.895)*** (0.673)*** (0.949)***
increase” -0.177 -0.404 -1.591 0.324
(0.184) (0.313) (0.002)*** (0.577)

Panel C: Correlation
K, 0.018 0.019 0.010 0.011 0.012 0.011 0.010 0.010
(0.007)** (0.007)*** (0.004)** (0.004)*** (0_004)*** (0.004)*** (0.004)*** (0.004)***
k, 0.974 0.971 0.985 0.984 0.984 0.985 0.988 0.988

(0.012)*** (0.012)*** (0.007)*** (0.006)*** (0.004)*** (0.006)*** (0.005)*** (0.005)***

Panel D: Diagnostic test

logL -13246.339 -13225.645 -13389.332 -13368.339 -13207.135 -13278.542 -12708.557 -12686.898

HQ(20) 76.715 78.980 80.510 78573 75.724 77297 102885 105076
[0.519] [0.447] [0.400] [0.461] [0.551] [0501]  [0.031]**  [0.022]**
HQ,(20) 98153  110.745 75.496 77.800 58063 110177  303.786  119.831

[0.061]* [0.009]*** [0.559] [0.485] [0.955] [0.010]*** [0.000]*** [0.002]***

Notes: See notes of Table 4.

Figures 2-3 illustrate the time-varying conditional correlations obtained from the
BEKK-GARCH and DCC-GARCH models. They show significant fluctuations in the condi-
tional correlations, especially since the 2007—2008 U.S. subprime mortgage financial crisis.™®
In particular, when using the BEKK-GARCH, the conditional correlations between the ail
and cereal markets evolve over time and experienced phases of decreases and increases. The
highest peaks correspond to the 2007-2008 world food crisis and the 2008-2009 global finan-

cial crisis periods.

When the DCC-GARCH model is used, the DCC estimates are positive for each mar-
ket pair almost over time and increase in recent years, but the magnitude of the DCC fluctua-
tions is smaller than the dynamic correlations from the BEKK-GARCH model. It can also be
seen that the level of market linkages has not changed significantly across time when we con-
sider the OPEC news announcements. However, such decisions increase the risk and the in-

formation transmission between the oil and cereal markets.

These results lead us to conclude that the cut decisions have a fairly higher impact on
the oil price instability than the maintain decisions particularly for the revenues of the oil-
exporting countries. They also confirm the results reached by previous studies including, for
example, Wirl and Kujundzic (2004), and Schmidbauer and Rdsch (2012).

19 Other figures are available from the corresponding author upon request.
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Fig. 2: Conditional correlations between the WTI and cereal markets (the VAR-BEKK-GARCH model)
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Fig. 3: DCC between the WTI and cereal markets (the VAR-DCC-GARCH model)
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Correlation between WTI and Maize: VAR-DCC-GARCH model Correlation between WTI and Maize: VAR-DCC, Announcement
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Tables 6-7 give the estimates for the VAR-BEKK-GARCH and the VAR-DCC-
GARCH models without and with the OPEC news announcements for the Brent market, re-
spectively. As can be seen in Table 6 for the VAR-BEKK-GARCH, the previous cerea re-
turns (with the exception of wheat) influence current cereal returns. Surprisingly, the past
Brent returns do not influence the current Brent returns. This finding indicates that the Brent
market is weakly efficient. We also find a bidirectional mean spillover across the Brent and
corn markets. The past Brent returns can thus be used to forecast barley returns. As to the
volatility spillovers, the past shocks and conditional volatility contribute to explain the cur-
rent conditional volatility in all markets. The past news and conditional volatility of the bar-
ley market affect the conditional variance of the Brent market. The results of the VAR-
BEKK-GARCH model with the OPEC news announcements are mostly similar to those
without OPEC announcements. In the conditional mean, the cut production decisions have no

significant impacts on the cereal and energy returns, while the maintain decisions affect the
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returns of both sorghum and barley. Similarly, the increase decisions may explain the returns
of the barley market. As for the WTI market, the past news and conditional volatility affect
significantly the current conditional volatility in al cases at the 1% level. We also find a uni-
directional volatility from the wheat and the barley to the Brent markets. In contrast, the past
shocks of barley explain the conditional volatility of the crude oil markets. The past condi-
tional volatility of the Brent market also affects significantly the sorghum market.

When the DCC-GARCH model is used (Table 7), dynamic conditional correlations
are meaningful as all coefficients are statistically significant and volatility transmission
across oil and energy markets is found to be significant. OPEC decisions are more pro-
nounced in the case of the increase and cut decisions. Our results are indeed consistent with
those of Abbottetal (2008), Chen et al. (2010), Du et a. (2011), FAO (2008), Hanson &t al.
(1993), J and Fan (2012), Mitchell (2008), Nazlioglu et al. (2013) and Nazlioglu and Soytas
(2012), which find strong evidence of volatility spillovers among crude oil and several agri-
cultura commodity markets. Inversely, we invalidate the conclusions of Campiche et al.
(2007) and Zhang and Reed (2008). Indeed, Campiche et al. (2007) suggest that the agricul-
tural commodity prices are not significantly dependent on the oil prices until 2006. Over the
period January 2000-October 2007, Zhang and Reed (2008) conclude that crude oil prices are

not the major factor behind the soar in China’s corn, soy metal, and pork prices.

Table 6: Estimation results of VAR-BEK K-GARCH modé without and with OPEC news announcements
(Brent)

Brent -Wheat Brent -Corn Brent - Sorghum Brent - Barley
Cosf. without  withOPEC  without  withOPEC  without  with OPEC  without with OPEC
OPEC news news OPEC news news OPEC news news OPEC news news
Panel A:Conditional mean
me 0.090 0.087 0.084 0.080 0.084 0.089 0.100 0.098
(0.035)* (0.041**  (0.035)**  (0.037)**  (0.035)**  (0.038)** (0.036)*** (0.038)***
a® 0.002 -0.001 0.004 0.001 0.005 0.005 0.001 -0.001
(0.019) (0.019) (0.019) (0.016) (0.018) (0.018) (0.019) (0.019)
be 0.101 0.102 0.084 0.082 0.106 0.106 0.034 0.037
(0.022)***  (0.024)***  (0.021)***  (0.02)***  (0.022)***  (0.023)*** (0.026) (0.026)
cut® 0.043 -0.087 0.168 0.044
(0.752) (0.760) (0.749) (0.700)
maintain® -0.135 -0.250 -0.139 -0.155
(0.394) (0.366) (0.320) (0.358)
increase® 0.678 0.647 0.556 0.387
(0.642) (0.598) (0.664) (0.756)
m° 0.028 0.027 0.013 0.011 0.046 0.036 0.043 0.043
(0.024) (0.026) (0.023) (0.028)  (0.022)** (0.023) (0.017)*** (0.021)**
ac 0.010 0.012 0.034 0.034 0.121 0.126 0.090 0.089
(0.017) (0.016) (0.017)* (0.017)*  (0.018)***  (0.019)***  (0.023)*** (0.021)***
be -0.004 -0.004 -0.021 -0.022 -0.004 -0.002 -0.012 -0.012
(0.010) (0.011) (0.011)* (0.012)* (0.010) (0.009)  (0.006)** (0.008)
cut® 0.158 0.257 0.027 -0.103
(0.308) (0.365) (0.264) (0.232)
maintain® -0.060 0.172 0.406 0.356
(0.290) (0.243) (0.270) (0.222)
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increase’ 0.129 -0.600 -0.446 -0.561

(0.447) (0.462) (0.292) (0.359)**

Panel B: Conditionalvariance
Cy 0.246 0.239 0.226 0.218 0.245 0.279 0.239 0.243
(0.026)*** (0.037)***  (0.026)*** (0.038)*** (0.026)*** (0.051)***  (0.032)***  (0.038)***
Cp -0.043 -0.064 -0.088 -0.110 -0.057 -0.046 0.288 0.308
(0.034) (0.033)* (0.051)* (0.058)* (0.030)* (0.025*  (0.079)***  (0.088)***
C,, 0.092 0.060 0.261 0.249 0.104 -0.023 0.516 0.505
(0.021)*** (0.045) (0.026)***  (0.053)***  (0.020)*** (0.057) (0.046)***  (0.057)***
a, 0.220 0.210 0.202 0.190 0.202 0.220 0.202 0.196
(0.008)*** (0.021)***  (0.008)*** (0.019)*** (0.008)*** (0.025)***  (0.008)***  (0.016)***
a, 0.005 0.004 0.010 0.011 -0.007 -0.008 -0.007 0.004
(0.009) (0.007) (0.009) (0.010) (0.008) (0.006) (0.008) (0.012)
a, -0.008 -0.010 -0.008 -0.007 0.012 0.012 0.096 0.100
(0.017) (0.018) (0.019) (0.021) (0.018) (0.018)  (0.028)***  (0.028)***
a,, 0.176 0.173 0.257 0.256 0.263 0.209 0.538 0.571
(0.010)*** (0.018)***  (0.014)*** (0.029)*** (0.010)*** (0.012)***  (0.014)***  (0.038)***
b, 0.970 0.971 0.974 0.975 0.973 0.966 0.975 0.975
(0.003)*** (0.005)***  (0.003)*** (0.005)*** (0.003)*** (0.008)***  (0.003)***  (0.004)***
b, 0.000 0.000 0.000 0.000 0.003 0.003 0.002 -0.002
(0.002) (0.002) (0.003) (0.003) (0.002) (0.002)* (0.005) (0.006)
b,, 0.005 0.006 0.009 0.010 0.002 0.003 -0.055 -0.055
(0.004) (0.004) (0.006) (0.007) (0.004) (0.004) (0.017)***  (0.016)***
b,, 0.982 0.983 0.953 0.953 0.965 0.976 0.769 0.752
(0.002)*** (0.004)***  (0.005)*** (0.011)*** (0.002)*** (0.002)***  (0.011)***  (0.026)***
cuty; 1.006 1.080 1.084 0.667
(0.394)** (0.364)*** (0.402)*** (0.474)
cuty, 0.074 0.094 0.018 -0.345
(0.167) (0.228) (0.126) (0.290)
Cuty, -0.060 -0.249 0.023 -0.505
(0.192) (0.276) (0.155) (0.310)
maintaing; -0.745 -0.715 -0.826 -0.904
(0.286)*** (0.316)** (0.399)** (0.274)***
maintaing, -0.427 -0.146 -0.276 -1.218
(0.144)*** (0.283) (0.452) (0.183)***
maintain,, -0.060 -0.249 1.137 -0.505
(0.805) (0.598) (0.180)*** (0.601)
increase;; 1.334 1.340 1.283 1.300
(0.314)*** (0.284)*** (0.298)*** (0.306)***
increase;, 0.093 0.185 -0.005 -0.433
(0.204) (0.262) (0.124) (0.413)
increasey, -0.060 -0.249 0.023 0.209
(0.960) (0.550) (0.162) (0.253)

Panel C: Diagnostic test

logL -13096.770 -13087.944 -13239.659 -13230.356 -13063.742 -13022.773 -12524.922 -12510.035
HQ(20) 76.968 77.596 87.506 86.165 78.748 81.867 103.986 104.875
[0.511] [0.491] [0.216] [0.246] [0.454] [0.360] [0.026]** [0.022]**
HQ.(20) 101.489  101.641 107.075 100.241 73.651 76.376 66.946 54.246
[0.038]** [0.037]** [0.016]**  [0.045]** [0.618] [0.530] [0.809] [0.981]

Note: See notes of Table 4.

Table 7: Estimation results of VAR-DCC-GARCH model without and with OPEC news announcements
(Brent)

Brent - Wheat Brent - Corn Brent - Sorghum Brent - Barley
Cosf. without ~ withOPEC  without withOPEC  without  with OPEC without with OPEC
OPEC news news  OPEC news news OPEC news news OPEC news news
Panel A: Conditional mean

me 0.095 0.095 0.093 0.093 0.097 0.100 0.102 0.104
(0.035)*** (0.036)***  (0.037)** (0.035)*** (0.038)* (0.036)***  (0.037)***  (0.036)***
a® 0.002 0.001 0.003 0.002 0.005 0.005 -0.001 -0.003
(0.019) (0.020) (0.019) (0.020) (0.019) (0.020) (0.019) (0.019)
be 0.098 0.097 0.084 0.083 0.100 0.098 0.036 0.037
(0.022)*** (0.022)*** (0.022)*** (0.021)*** (0.023)*** (0.022)*** (0.026) (0.026)
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cut® 0.203 0.255 0.956 0.480

(0.614) (0.578) (0.648) (0.591)
maintain® -0.116 -0.165 -0.091 -0.112
(0.403) (0.423) (0.427) (0.419)
increase® 0.571 0.649 0.542 0.518
(0.938) (0.986) (0.974) (0.988)
m° 0.028 0.027 0.012 0.016 0.055 0.026 0.039 0.043
(0.024) (0.024) (0.026) (0.023)  (0.024)** (0.022) (0.022)*  (0.015)***
ac 0.014 0.014 0.034 0.034 0.131 0.121 0.102 0.105
(0.018) (0.018) (0.019)* (0.018)* (0.021)*** (0.018)***  (0.024)***  (0.022)***
b° -0.003 -0.004 -0.022 -0.021 -0.006 -0.005 -0.015 -0.017
(0.010) (0.010) (0.012)* (0.011)* (0.010) (0.009) (0.008)*  (0.006)***
cut® 0.014 0.287 0.120 -0.097
(0.330) (0.439) (0.493) (0.138)
maintain® -0.031 0.202 0.479 0.324
(0.295) (0.283) (0.640) (0.295)
increase’ 0.038 -0.672 -0.504 -0.509
(0.379) (0.448) (0.463) (0.662)

Panel B: Conditional variance
we 0.063 0.065 0.061 0.063 0.060 0.101 0.059 0.061
(0.014)*** (0.014)*** (0.020)*** (0.014)*** (0.005)***  (0.019)*** (0.023)**  (0.014)***
we 0.012 0.018 0.074 0.071 0.011 0.011 0.368 0.408
(0.003)*** (0.004)*** (0.024)*** (0.010)*** (0.004)*** (0.004)***  (0.040)***  (0.019)***
a® 0.056 0.055 0.055 0.055 0.055 0.064 0.056 0.056
(0.004)*** (0.004)*** (0.008)*** (0.004)*** (0.002)*** (0.005)***  (0.010)***  (0.004)***
ac 0.041 0.040 0.077 0.066 0.080 0.049 0.352 0.442
(0.005)*** (0.005)*** (0.017)*** (0.007)*** (0.001)*** (0.003)***  (0.046)***  (0.018)***
be 0.933 0.931 0.934 0.932 0.935 0.914 0.934 0.932
(0.006)*** (0.006)*** (0.011)*** (0.006)*** (0.002)*** (0.008)***  (0.012)***  (0.006)***
b¢ 0.955 0.954 0.899 0.912 0.924 0.947 0.542 0.487
(0.005)*** (0.005)*** (0.023)*** (0.008)*** (0.003)*** (0.005)***  (0.039)***  (0.015)***
cut® 0.730 0.795 0.796 0.590
(1.041) (1.049) (1.142) (1.019)
cut® -0.464 -0.784 -0.475 -0.809
(0.129)*** (0.169)*** (0.062)*** (0.121)***
maintain® 0.131 0.164 0.360 0.130
(0.305) (0.304) (0.352) (0.301)
maintain® 0.061 -0.180 2.392 0.503
(0.130) (0.189) (0.135)*** (0.211)**
increase® 2.229 2.181 2573 2.262
(0.745)*** (0.738)*** (0.839)*** (0.767)***
increase® -0.163 -0.461 -0.297 0.323
(0.180) (0.272)* (0.106)*** (0.563)

Panel C: Correlation

K, 0.007 0.006 0.022 0.022 0.009 0.042 0.013 0.013
(0.003)**  (0.003)**  (0.009)** (0.007)*** (0.004)*** (0.014)***  (0.005)***  (0.004)***
0.990 0.990 0.954 0.954 0.986 0.855 0.985 0.985

(0.005)*** (0.005)*** (0.024)*** (0.018)*** (0.006)*** (0.062)***  (0.007)***  (0.005)***

Panel D: Diagnostic test

logL  -13083002 -13074102 -13230.395 -13220219 -13046.664 -13020582 -12501.704 -12488.943
HQ(20) 76678 76202 87.381 86.110 79.314 82.238 104.562 108.285
[0521]  [0.533] [0.218] [0.247] [0.437] [0349]  [0.024]**  [0.013]**
HQ,(20) 95208 07314  102.362 97.210 71.031 76.278 71.110 55.876
[0.089]* [0.068]*  [0.033*  [0.069]* [0.699] [0.534] [0.696] [0.972]

Note: See notes of Table 4.

5.2 Return and volatility spillovers between the heating and cereal markets

As clearly seen from Table 8, the own past returns in the heating oil and cereal mar-
kets (with the exception of wheat) significantly influence the actual commodity returns. Such

a result thus reveals some evidence of return predictability. Moreover, the mean spillovers
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across the wheat and heating oil markets are detected. A unidirectional mean spillover is
found from the sorghum to the heating oil and from the heating to the corn markets. For the
conditional variance, both the oil and cerea markets are affected by their own past shocks
and variance. On the other hand, the heating markets generally receive information from the
cereal markets, except the sorghum market. We also find that the OPEC news announcements
increase the volatility of oil markets. The estimates of the VAR-DCC-GARCH model, re-
ported in Table 9, show evidence of bidirectional mean spillover across heating and wheat
and heating and sorghum when dummy variables are introduced. Past news of heating oil af-
fect the current returns of corn markets. We find a significant shock transmission and volatili-
ty spillovers between al commodity markets. Interestingly, the cut decisions have a signifi-
cant impact on both oil and cereal markets. The maintain decisions affect barley markets
while the increase decisions influence sorghum markets while the increase decisions have no
significant impact, suggesting the lack of credibility in OPEC production quota announce-
ments (Demirer and Kutan, 2012). The results also support the hypothesis of dynamic condi-
tional correlations of commodity markets. The short-run persistence of shocks on the DCC
estimates is greatest for wheat and sorghum (0.006) in the case of model without dummy var-
iables. It reaches 0.007 when we consider the dummy variables. The largest long-run persis-
tence of shocksto the DCC estimatesis 0.998 for the wheat, corn and sorghum markets.

Table 8: Estimation results of VAR-BEK K-GARCH model without and with OPEC news announcements
(Heating ail)

Heating -Wheat Heating -Corn Heating - Sorghum Heating - Barley

Coef. without  withOPEC  without withOPEC  without withOPEC  without  with OPEC
OPEC news news OPEC news news OPEC news news OPEC news news

Panel A: Conditional mean

me 0.086 0.077 0.090 0.081 0.095 0.091 0.108 0.100
(0.036)**  (0.037)**  (0.037)**  (0.037)** (0.036)***  (0.041)** (0.037)*** (0.035)***

a® -0.038 -0.039 -0.030 -0.032 -0.032 -0.034 -0.039 -0.038
(0.013)*** (0.014)***  (0.016)* (0.016)**  (0.017)*  (0.013)**  (0.018)**  (0.017)**

be 0.056 0.058 0.011 0.011 0.042 0.042 0.018 0.020
(0.023)**  (0.023)** (0.022) (0.022)  (0.023*  (0.023)* (0.026) (0.024)

cut® -0.268 -0.196 -0.249 -0.325
(0.856) (0.953) (0.923) (0.990)

mai ntain® -0.074 -0.147 -0.088 -0.003
(0.398) (0.380) (0.334) (0.488)

increase® 1.119 0.986 0.742 0.859
(0.566)** (0.694) (0.665) (1.037)

me 0.032 0.032 0.022 0.019 0.044 0.037 0.043 0.041
(0.027)  (0.028) (0.027) (0.027)  (0.024)* (0.026)  (0.021)** (0.013)***

at 0.023 0.025 0.038 0.039 0.126 0.136 0.083 0.101
(0.018)  (0.017) (0.018)**  (0.017)** (0.017)*** (0.018)*** (0.024)*** (0.021)***

be -0.019 -0.019 -0.016 -0.016 -0.009 -0.011 0.000 -0.001
(0.009)**  (0.009)**  (0.009)*  (0.010)* (0.007) (0.007) (0.006) (0.005)

cut® 0.084 0.341 0.055 0.029
(0.344) (0.355) (0.310) (0.423)

mai ntain® -0.055 0.207 0.358 0.296
(0.276) (0.233) (0.250) (0.305)

increase’ 0.062 -0.747 -0.417 -0.509
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(0.427) (0.436) (0.324) (0.669)

Panel B: Conditionalvariance

o 0.286 0.293 0.285 0.295 0.300 0.324 0.279 0.286
(0.042)*** (0.043)***  (0.040)*** (0.041)***  (0.041)*** (0.040)*** (0.033)*** (0.031)***
Cp -0.049 -0.071 -0.049 -0.072 -0.048 -0.031 0.344 0.376
(0.030) (0.031)** (0.041) (0.046) (0.026)* (0.022)  (0.078)*** (0.091)***
C,, -0.084 0.032 -0.176 0.164 0.109 -0.040 0.567 0.601
(0.022)*** (0.083) (0.027)*** (0.034)***  (0.021)*** (0.023)* (0.049)*** (0.058)***
a, 0.295 0.295 0.286 0.286 0.278 0.284 0.258 0.252
(0.019)*** (0.018)*** (0.019)*** (0.017)***  (0.019)*** (0.019)*** (0.014)*** (0.008)***
a, 0.000 -0.001 -0.004 -0.003 -0.002 -0.004 -0.011 -0.015
(0.004) (0.005) (0.006) (0.006) (0.004) (0.004) (0.006)* (0.004)**=*
a, -0.067 -0.074 -0.041 -0.042 -0.024 -0.033 0.066 0.080
(0.020)*** (0.020)***  (0.021)** (0.021)* (0.022) (0.022) (0.032)** (0.031)**
a,, 0.169 0.163 0.189 0.190 0.249 0.207 0.591 0.719
(0.013)*** (0.014)*** (0.015)*** (0.015)***  (0.015)*** (0.010)*** (0.041)*** (0.012)***
b, 0.949 0.945 0.951 0.948 0.953 0.948 0.962 0.961
(0.007)*** (0.006)*** (0.006)*** (0.006)***  (0.006)*** (0.007)*** (0.004)*** (0.003)***
b, 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.002
(0.001) (0.001) (0.002) (0.002) (0.001) (0.001) (0.004) (0.006)
b,, 0.020 0.023 0.016 0.020 0.013 0.015 -0.054 -0.065
(0.005)*** (0.005)***  (0.006)***  (0.006)*** (0.006)** (0.005)*** (0.020)*** (0.022)***
b,, 0.984 0.985 0.976 0.976 0.969 0.976 0.712 0.627
(0.003)*** (0.003)*** (0.004)*** (0.004)***  (0.003)*** (0.002)*** (0.032)*** (0.012)***
Cutyy 2.168 2.087 2.082 1.554
(0.419)*** (0.382)*** (0.384)*** (0.406)***
Cuty» 0.172 0.177 0.028 -0.769
(0.139) (0.169) (0.134) (1.087)
Cutyy -0.032 -0.164 0.040 -0.607
(0.191) (0.200) (0.149) (76.66)
maintaing -1.089 -1.181 -0.334 -1.065
(0.325)*** (0.303)*** (0.353) (0.298)***
maintain, -0.206 -0.147 1.051 -1.251
(0.277) (0.233) (0.096)*** (0.816)
maintainy, -0.491 0.086 0.620 -0.019
(0.235)** (0.400) (0.150)*** (1.022)
increasey; 0.805 0.780 0.717 0.680
(0.553) (0.535) (0.590) (0.539)
increase;, 0.065 -0.009 -0.042 -0.696
(0.319) (0.301) (0.163) (1.838)
increase, 0.092 -0.164 0.040 -1.491
(0.634) (0.387) (0.160) (0.998)

Panel C: Diagnostic test
logL -13210.721 -13195.988 -13379.370 -13364.787 -13198.595 -13150.984 -12691.640 -12680.253
HQ(20) 81.993 83.709 73.644 73.737 89.384 92.816 90.461 93.147
[0.356] [0.308] [0.618] [0.615] [0.177] [0.121] [0.158] [0.116]
HQ,(20) 96.843 101.784 74.259 76.626 78.477 86.459 57.859 66.569
[0.072]* [0.036]** [0.599] [0.522] [0.463] [0.240] [0.957] [0.819]

Notes: See notes of Table 4.

Table 9: Estimation results of VAR-DCC-GARCH model without and with OPEC news announcements
(Heating ail)

Heating - Wheat Heating - Corn Heating - Sorghum Heating - Barley

Cosf. without  withOPEC  without  with OPEC without  withOPEC without  with OPEC
OPEC news news OPEC news news OPEC news news OPEC news news

Panel A: Conditional mean

me 0.090 0.083 0.088 0.082 0.096 0.073 0.099 0.093
(0.035)***  (0.035)**  (0.035)**  (0.035)**  (0.035)*** (0.034)** (0.035)*** (0.035)***

a° -0.037 -0.038 -0.031 -0.031 -0.031  -0.032 -0.039 -0.039
(0.018**  (0.018)**  (0.018)*  (0.018)* (0.018*  (0.019) (0.018)**  (0.018)**

be 0.046 0.046 0.004 0.004 0.032 0.015 0.016 0.014
(0.022**  (0.022)** (0.022) (0.022) (0.022)  (0.023)* (0.024) (0.024)

cut® -0.320 -0.140 -0.265 0.084
(0.849) (0.834) (0.694) (0.800)

maintain® -0.055 -0.112 -0.142 -0.042
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(0.435) (0.457) (0.427) (0.450)

increase® 0.963 1.021 0.800 1.000
(0.787) (0.773) (0.623) (0.812)
me 0.028 0.027 0.010 0.014 0.057 -0.013 0.041 0.046
(0.024) (0.024) (0.022) (0.022)  (0.022)*** (0.000)*** (0.014)*** (0.014)***
a’ 0.019 0.020 0.035 0.035 0.134 0.072 0.093 0.089
(0.018) (0.018) (0.018)**  (0.018)**  (0.018)*** (0.001)*** (0.022)*** (0.022)***
b¢ -0.021 -0.021 -0.019 -0.020 -0.009 -0.012 -0.002 -0.003
(0.009)**  (0.009)** (0.010)* (0.010)* (0.008)  (0.007)* (0.006) (0.005)
cut® -0.011 0.266 0.153 -0.063
(0.309) (0.439) (0.077)** (0.059)
mai ntain° -0.025 0.186 0.327 0.302
(0.298) (0.271) (0.255) (0.303)
increase’ 0.034 -0.709 -0.494 -0.574
(0.382) (0.417)* (0.038)*** (0.590)

Panel B: Conditional variance
we 0.086 0.096 0.083 0.093 0.085 0.116 0.080 0.089
(0.017)*** (0.019)*** (0.017)*** (0.019)***  (0.017)*** (0.014)*** (0.017)*** (0.018)***
we 0.013 0.018 0.081 0.085 0.011 0.205 0.384 0.385
(0.003)*** (0.004)*** (0.011)*** (0.011)***  (0.002)*** (0.005)*** (0.018)*** (0.019)***
a¢ 0.085 0.086 0.087 0.089 0.086 0.091 0.087 0.089
(0.006)*** (0.006)*** (0.006)*** (0.006)***  (0.006)*** (0.007)*** (0.006)*** (0.006)***
ac 0.042 0.041 0.085 0.079 0.083 0.131 0.366 0.397
(0.005)*** (0.005)*** (0.008)*** (0.008)***  (0.005)*** (0.004)*** (0.013)*** (0.014)***
b 0.903 0.895 0.901 0.894 0.902 0.886 0.902 0.895
(0.007)*** (0.008)*** (0.007)*** (0.008)***  (0.007)*** (0.005)*** (0.007)*** (0.008)***
be¢ 0.953 0.953 0.888 0.895 0.922 0.813 0.525 0.514
(0.005)*** (0.005)*** (0.009)*** (0.009)***  (0.004)*** (0.000)*** (0.014)*** (0.014)***
cut® 4,960 (1.870)*** 4911 (1.894)*** 6.791 (2.745)** 4.821 (1.768)***
cut® -0.470 (0.131)*** -0.876 (0.180)*** -1.366 (0.022)*** -0.804 (0.169)***
maintain® 0.514 (0.460) 0.566 (0.458) 0.431 (0.599) 0.525 (0.462)
maintain® 0.077 (0.132) -0.194 (0.204) -0.266 (0.351) 0510 (0.201)**
increase® 0.632 (0.990) 0.472 (0.938) 0.661 (1.048) 0.543 (0.999)
increase” -0.154 (0.178) -0.415 (0.308) -1.268 (0.021)*** 0.265 (0.507)

Panel C: Correlation

K, 0.006 0.007 0.005 0.005 0.006 0.007 0.058 0.064
(0.003)** (0.003)**  (0.002)**  (0.002)** (0.003)** (0.003)**  (0.024)**  (0.025)**
K, 0.992 0.991 0.993 0.993 0.992 0.991 0.764 0.726

(0.004)*** (0.004)*** (0.003)*** (0.003)***  (0.003)*** (0.004)*** (0.112)*** (0.126)***

Panel D: Diagnostic test

logL -13200.945 -13187.52 -13351.484 -13336.661 -13168.469 -13217.009 -12681.289 -12660.982
HQ(20) 82744 83372 75.430 75.288 91196  87.418 92.225 93.985
[0.335]  [0.317] [0.561] [0.565] [0.145]  [0.218] [0.129] [0.104]
HQ.(20) 85401  87.683 63.683 64.388 68.872  86.725 41.084 42431
[0.265]  [0.212] [0.879] [0.865] [0.760]  [0.233] [0.999] [0.999]

Notes: See notes of Table 4.
5.3 Return and volatility spillovers between gasoline and cereal markets

Table 10 shows that past returns of gasoline and cereal do not affect current gasoline
returns. In general, past returns of the cereal markets can be used to forecast actual returns,
except the wheat market. Regarding the extent of cross-market volatility transmission, the re-
sults show that both past shock and past volatility are important determinants of the current
conditional volatility of gasoline and cereal markets. Past shocks of gasoline also affect corn
markets, while past shocks of wheat influence the gasoline market. The past volatility of gas-
oline drives the volatility of the corn market, and the past volatility of cereals affects the con-
ditional volatility of the gasoline market. The estimates of the BEKK-GARCH model with
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exogenous dummy variables in Table 10 show that OPEC news announcements have signifi-
cant impacts on the volatility of the gasoline market, while the increase decisions affect the
barley market. We aso find evidence of a unidirectional volatility transmission from the gas-
oline market to the sorghum market and the past volatility of gasoline significantly affects the
conditional volatility of the sorghum and barley markets. Our results are, however, not in line
with those of Zhang et al. (2010).

Table 11 reports the estimation results of the DCC-GARCH model for gasoline and
cereal markets, without and with OPEC announcements. Some interesting facts can be noted.
First, past cereal returns affect the current cereal returns with the exception of the wheat mar-
ket. Second, there is a unidirectional influence from gasoline to both wheat and barley mar-
kets. Finally, the DCC specification for gasoline and sorghum markets is rejected, suggesting

the stability of cross-market correlation structure.

Table 10: Estimation results of VAR-BEK K-GARCH model without and with OPEC news announcements
(Gasoline)

Gasoline -Wheat Gasoline-Corn Gasoline - Sorghum Gasoline - Barley
Cosf. without  withOPEC  without  withOPEC  without with OPEC without with OPEC
OPEC news news OPEC news news OPEC news news OPEC news news
Panel A:Conditional mean
me 0.099 0.098 0.096 0.098 0.094 0.098 0.101 0.097
(0.046)**  (0.043)** (0.049)*  (0.049)** (0.048)* (0.045)** (0.052)* (0.049)**
a® 0.024 0.021 0.026 0.024 0.029 0.027 0.020 0.015
(0.017) (0.018) (0.017) (0.016) (0.017)* (0.017) (0.016) (0.016)
be 0.008 0.009 -0.030 -0.036 0.002 0.001 -0.013 -0.012
(0.027) (0.026) (0.028) (0.028) (0.031) (0.027) (0.031) (0.032)
cut® -0.425 -0.539 -0.583 -0.569
(1.040) (0.641) (0.964) (0.970)
maintain® -0.241 -0.285 -0.250 -0.123
(0.498) (0.362) (0.406) (0.412)
increase® 0.602 0.407 0.246 0.314
(0.760) (2.009) (0.990) (0.858)
m° 0.023 0.023 0.011 0.009 0.036 0.029 0.041 0.045
(0.026) (0.027) (0.027) (0.028) (0.024) (0.022) (0.023)* (0.021)**
ac 0.023 0.024 0.037 0.037 0.128 0.135 0.094 0.093
(0.018) (0.017) (0.018)**  (0.017)** (0.020)***  (0.020)***  (0.024)***  (0.024)***
h¢ -0.016 -0.016 -0.008 -0.009 -0.005 -0.001 -0.015 -0.017
(0.009)* (0.009)* (0.009) (0.009) (0.008) (0.007) (0.007)** (0.007)**
cut® 0.069 0.268 0.030 -0.134
(0.321) (0.386) (0.296) (0.258)
maintain® -0.067 0.213 0.355 0.287
(0.283) (0.229) (0.280) (0.195)
increase’ 0.055 -0.802 -0.462 -0.573
(0.454) (0.467)* (0.302) (0.355)
Panel B: Conditional variance
C, 0.418 0.481 0.408 0.468 0.429 0.496 0.371 0.384
(0.065)***  (0.071)*** (0.063)*** (0.079)*** (0.068)***  (0.076)***  (0.051)***  (0.050)***
C, -0.036 -0.046 -0.056 -0.076 -0.014 -0.026 0.338 0.352
(0.030) (0.025)* (0.042) (0.042)* (0.031) (0.023) (0.130)***  (0.105)***
C,, 0.088 0.059 0.174 0.169 0.114 0.040 0.559 0.527
(0.02)***  (0.030)** (0.025)*** (0.029)*** (0.017)*** (0.026) (0.078)***  (0.073)***
a, 0.265 0.270 0.256 0.262 0.249 0.261 0.227 0.215
(0.02)***  (0.020)*** (0.018)*** (0.023)*** (0.021)***  (0.023)***  (0.017)***  (0.017)***
a, -0.001 -0.003 -0.015 -0.016 -0.007 -0.011 -0.001 0.002
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(0.006) (0.006) (0.007)**  (0.007)** (0.006) (0.006)* (0.007) (0.007)
a, -0.053 -0.062 -0.027 -0.034 -0.019 -0.028 0.055 0.056
(0.023)**  (0.024)*** (0.024) (0.026) (0.026) (0.025) (0.035) (0.036)
a,, 0.171 0.164 0.198 0.201 0.249 0.209 0.591 0.613
(0.014)***  (0.014)*** (0.016)*** (0.017)*** (0.016)***  (0.012)***  (0.039)***  (0.036)***
b, 0.953 0.945 0.956 0.948 0.957 0.947 0.966 0.966
(0.008)***  (0.010)*** (0.007)*** (0.010)*** (0.008)***  (0.010)***  (0.005)***  (0.005)***
b, 0.001 0.002 0.005 0.006 0.001 0.003 -0.008 -0.011
(0.002) (0.002) (0.002**  (0.003)** (0.002) (0.002)* (0.006) (0.006)*
b,, 0.016 0.021 0.014 0.020 0.011 0.015 -0.038 -0.036
(0.006)***  (0.006)***  (0.007)**  (0.009)** (0.007)* (0.006)** (0.023)* (0.022)*
b,, 0.984 0.985 0.974 0.972 0.969 0.976 0.717 0.715
(0.003)***  (0.003)*** (0.004)*** (0.005)*** (0.003)***  (0.002)***  (0.031)***  (0.028)***
cuty; 2212 2.103 2.242 1.651
(0.476)*** (0.423)*** (0.497)*** (0.413)***
cuty, 0.085 0.012 0.008 -0.369
(0.143) (0.181) (0.127) (0.294)
Cuty, -0.059 -0.169 -0.040 -0.527
(0.176) (0.225) (0.142) (0.341)
maintaing; -1.083 -1.017 -0.578 -1.137
(0.398)*** (0.453)** (0.306)* (0.368)***
maintaing, -0.494 -0.280 -1.134 -1.361
(0.119)*** (0.231) (0.085)*** (0.217)***
maintainy, -0.059 -0.169 -0.041 -0.527
(0.616) (0.665) (16.311) (0.856)
increase;; 1.147 1.066 1.003 1517
(0.616)* (0.521)** (0.681) (0.508)***
increase;, -0.214 0.029 -0.075 -0.789
(0.257) (0.266) (0.148) (0.493)
increase, -0.058 -0.169 -0.040 -1.215
(1.110) (0.385) (0.173) (0.389)***

Panel C: Diagnostic test
logL -13799.890 -13788.05 -13961.548 -13950.909 -13787.273 -13743.542 -13269.110 -13253.289
HQ(20) 84.894 84.952 88.583 86.906 88.189 91.944 104.547 108.245
[0.277] [0.276] [0.193] [0.229] [0.207] [0.133] [0.024]** [0.013]**
HQ.(20) 116.390 114.260 94.961 93.910 90.030 90.939 116.039 127.341
[0.003]***  [0.004]*** [0.092]* [0.105] [0.165] [0.150] [0.003]***  [0.000]***

Notes: See notes of Table 4.

Table 11: Estimation results of VAR-DCC-GARCH model without and with OPEC news announcements

(Gasoline)
Gasoline - Wheat Gasoline-Corn Gasoline - Sorghum Gasoline - Barley
Cosf. without  withOPEC  without  with OPEC  without with OPEC without with OPEC
OPEC news news OPEC news news OPEC news news OPEC news news
Panel A: Conditional mean

me 0.092 0.091 0.094 0.095 0.107 0.102 0.102 0.087
(0.043)**  (0.044)**  (0.045)**  (0.043)**  (0.043)** (0.044)** (0.043)** (0.058)
a® 0.019 0.017 0.026 0.024 0.023 0.023 0.016 0.011
(0.018) (0.018) (0.019) (0.018) (0.018) (0.018) (0.018) (0.025)
be 0.002 0.002 -0.029 -0.034 -0.003 -0.007 -0.006 -0.006
(0.028) (0.028) (0.028) (0.027) (0.027) (0.028) (0.030) (0.032)
cut® -0.517 -0.392 -0.219 -0.478
(0.955) (0.964) (0.963) (2.033)
maintain® -0.209 -0.315 -0.269 -0.141
(0.524) (0.519) (0.526) (0.303)
increase® 0.477 0.482 0.269 0.407
(1.475) (1.183) (1.239) (0.741)
me 0.025 0.025 0.008 0.012 0.058 0.029 0.041 0.037
(0.029) (0.024) (0.027) (0.022)  (0.023)** (0.020) (0.013)***  (0.001)***
ac 0.021 0.022 0.037 0.036 0.139 0.136 0.104 0.109
(0.018) (0.018) (0.019)*  (0.018)** (0.020)***  (0.017)***  (0.022)***  (0.016)***
b¢ -0.019 -0.020 -0.012 -0.012 -0.009 -0.005 -0.019 -0.022
(0.008)**  (0.008)** (0.009) (0.009) (0.007) (0.007)  (0.005)***  (0.001)***
cut® -0.031 0.246 0.107 -0.015
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(0.308) (0.440) (0.144) (0.011)
maintain® -0.037 0.197 0.336 0.357
(0.304) (0.268) (0.426) (0.290)
increase’ -0.011 -0.758 -0.573 -0.517
(0.450) (0.421)* (0.453) (0.374)
Panel B: Conditional variance
we 0.197 0.239 0.203 0.251 0.205 0.257 0.199 0.233
(0.038)***  (0.044)*** (0.059)*** (0.045)*** (0.062)***  (0.047)*** (0.038)***  (0.070)***
we 0.014 0.019 0.083 0.089 0.011 0.011 0.374 0.394
(0.003)***  (0.004)*** (0.024)*** (0.012)*** (0.004)***  (0.003)*** (0.018)***  (0.004)***
a® 0.078 0.079 0.080 0.082 0.082 0.084 0.079 0.077
(0.006)***  (0.006)*** (0.011)*** (0.006)*** (0.011)***  (0.006)*** (0.006)***  (0.011)***
ac 0.042 0.041 0.087 0.081 0.085 0.056 0.390 0.502
(0.005)***  (0.005)*** (0.016)*** (0.008)*** (0.010)***  (0.004)*** (0.015)***  (0.004)***
be 0.899 0.889 0.896 0.885 0.895 0.883 0.898 0.893
(0.009)***  (0.010)*** (0.016)*** (0.010)*** (0.016)***  (0.010)*** (0.009)***  (0.018)***
b¢ 0.953 0.952 0.886 0.892 0.920 0.940 0.520 0.451
(0.005)***  (0.005)*** (0.022)*** (0.009)*** (0.008)***  (0.004)*** (0.015)***  (0.003)***
cut® 5.544 5.973 6.045 5.111
(2.504)** (2.633)** (2.637)** (2.607)**
cut® -0.489 -0.894 -0.461 -0.729
(0.131)*** (0.184)*** (0.054)*** (0.003)***
maintain® -0.377 -0.420 -0.377 -0.521
(0.702) (0.711) (0.728) (0.699)
maintain® 0.065 -0.198 0.970 0.665
(0.136) (0.211) (0.104)*** (0.315)**
increase® 1.871 1.382 1.301 1.222
(1.292) (1.332) (1.282) (0.900)
increase® -0.140 -0.456 -0.264 0.396
(0.182) (0.303) (0.118)** (0.292)
Panel C: Correlation
K, 0.062 0.062 0.008 0.008 0.024 0.025 0.011 0.010
(0.022)***  (0.022)*** (0.003)*** (0.003)*** (0.018) (0.018) (0.005)** (0.004)**
K, 0.137 0.146 0.989 0.989 0.227 0.291 0.986 0.987
(0.304) (0.304) (0.005)***  (0.004)*** (0.351) (0.542)  (0.007)*** (0.007)***
Panel D: Diagnostic test
Iog L -13797.191 -13786.841 -13937.333 -13925.472 -13767.116 -13719.601 -13242.271 -13223.93
HQ(20) 84.333 84.711 87.964 86.487 87.960 89.985 106.560 112.749
[0.292] [0.282] [0.206] [0.239] [0.206] [0.166] [0.017)**  [0.006]***
HQ.(20) 104.568 103.298 80.806 80.283 74.284 77.257 81.693 83.178
[0.024]**  [0.029]** [0.391] [0.407] [0.598] [0.502] [0.365] [0.323]

Notes: See notes of Table 4.

Summarizing all, our results point to the presence of widespread direct spillovers of
shocks and volatility between oil and cereal markets. They aso indicate that the volatility

persistence of the oil markets deceases over time with the exception of gasoline, while for ce-

real markets the results are rather mixed. The impacts of the OPEC news announcements on

information transmission between oil and cereal markets differ remarkably according to the

production decisions (maintain, increase, and cut) that have been made. More importantly,

the ability of commodity markets to absorb these news announcements differs from a market

to another. The reaction and anticipation of global investors, traders, and speculators to the

OPEC decisions are asymmetric. For instance, the cut decisions have a much larger effect on

the volatility spillover than the decisionsto maintain or increase the current output.
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The observed link between oil and cereal markets can be explained by the surge in
production of biofuel since 2006. The production of the bioethanol comes from corn while
that of biodiesel is extracted from soybeans. These biofuels are considered as substitutes for
conventional fuels such as diesel and gasoline (Chang and Su, 2010). The appreciation and
depreciation of exchange rates also play a crucial role on the determination of the direction
and the origins of volatility transmission between oil and agricultural prices (e.g., Abbott et
al., 2008, 2009; Cooke and Robles, 2009; Harri et al., 2009; Nazlioglu and Soytas, 2011).
Furthermore, agricultural and oil commodities are generally traded in US dollars and that the
exchange rate changes are one of the important item of the 2007-2008 food crisis. According-
ly, participants in each market seeking profit from trading oil and cereal assets may consider
active investment strategies based on ajoint volatility transmission and current market trends.
Risk-averse investors apply the strategy of international portfolio diversification, and their
portfolios may be composed of both oil and agricultural assets. For all these strategies, the
diversified portfolios’ optimal weights and hedging ratios can be straightforwardly computed

from the estimates of our empirical models.**

Further economic explanations can be obtained from our empirical results. First, the
oil-cereal relationship has important fiscal and monetary policy implications. The low interest
rates in the United States explain the increasing commodity prices. Also, the BRICS (Brazil,
Russia, China, India and South Africa)’s fast economic growth rates, especially those of Chi-
na and India, lead to high growth demand for energy which is accompanied by increases in
agricultural commodity prices. The instability in the supply of oil and the presence of
OPEC’s interventions are crucial factors that underline the variations in economic fundamen-
tals and more importantly the patterns of commodity prices. Monetary expansions as meas-
ured by world real money supply are of great significance for commodity price spikes (Gil-
bert, 2010).

6. Conclusion

Past empirical studies have shown that both the oil and cereal markets are currently
characterized by high volatility and that they have become more interrelated. Thus, under-

standing the comovement between these markets as well astheir potential volatility spillovers

"' Since in this paper we do not focus on the portfolio designs, the interested readers can refer to Arouri et al.
(2011) for the computational aspects of optimal weights and hedging ratios. However, the empirical results re-
garding these portfolio weights and hedge ratios can be made available upon request to the corresponding au-
thor.

31



is of particular importance for many economic agents including market operators and poli-
cymakers. In this study, we have attempted to address this issue by quantifying the dynamic
spillovers of the return volatility and shocks among four oil-related markets (WTI, Brent,
heating oil, and gasoline) and four cereal markets (wheat, corn, sorghum and barley). Our se-
cond objective is to examine whether the OPEC production announcements have significant

impacts on these return and volatility spillovers.

At the empirical level, we employ two frequently-used multivariate GARCH models
including the BEKK-GARCH of Engle and Kroner (1995), and the DCC-GARCH of Engle
(2002). The obtained results show that these empirical models are flexible enough to capture
the dynamic structure of the return interactions, volatility spillovers, and conditional correla-
tions. They aso provide evidence of significant information transmission across the different
markets under consideration over the period from January 4, 2000 to January 29, 2013. In
particular, we find bidirectional effects across barley and each of the crude oil and gasoline
markets. All commodity assets, except for the gasoline and sorghum markets, have been driv-
en by dynamic conditional correlations with common increasing tendency during the last
global financial crisis. This evidence suggests that a dynamic risk management approach
(e.g., Value-at-Risk) should be implemented in order to take into account the joint dynamics

of these markets.

The impact of the OPEC news announcements on the return and volatility spilloversis
then discussed by incorporating them into our bivariate VAR-BEKK-GARCH and VAR-
DCC-GARCH models as dummy variables. We find that the OPEC production decisions
have a significant impact on volatility of the oil and cereal commodity markets. The cut deci-
sions have a much larger effect on both types of commodity markets than the decisionsto in-
crease and to maintain the current production levels. These findings remain intact for both
empirical models we consider, suggesting that the markets under consideration react asym-
metrically to the OPEC production decisions. These markets also seem to absorb these news
announcements in a different way and consider the cut decisions as bad news and in-
crease/maintain decisions as good news. We then support the effect of OPEC news an-

nouncements as influential asymmetric market signals.

Overall, our results have important implications for forecasting the future oil and ce-
real return volatility, making optimal portfolio allocation decisions, energy traders, and farm-
ers. One can easily compute, based on our models’ estimates, the optimal weights and hedg-

ing ratios for portfolios of oil and cereal assets, and investigate the diversification and hedg-
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ing effectiveness. Several studies have dealt with these issues in the past literature (e.g.,
Arouri et ., 2011; Chang et a., 2011).

It will be intriguing to extend this study in future research in at least two directions:
() investigating the role of the growing biofuels (e.g., corn-based ethanol production and
soybean-based biodiesel production), relevant economic and financial variables (e.g., infla-
tion, term structure of interest rate, speculation, and the US dollar index) as exogenous
shocks on the dynamic spillovers across oil and cereal prices; and (2) examining the asym-
metric effects, i.e., using the Asymmetric DCC-MGARCH model to investigate the relation-

ships between the oil and cereal markets in face of positive and negative shocks.
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