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Abstract

Energy and agricultural commodities and marketsehbeen examined extensively, albeit
separately, for a number of years. In the energyaliure, the returns, volatility and volatility
spillovers (namely, the delayed effect of a retuishgck in one assen the subsequent volatility
or covolatility in another asset), among alterra@nergy commodities, such as oil, gasoline and
ethanol across different markets, have been ardlysiag a variety of univariate and multivariate
models, estimation techniques, data sets, andfteneencies. A similar comment applies to the
separate theoretical and empirical analysis of dewiange of agricultural commodities and
markets. Given the recent interest and emphadsoiiuels and green energy, especially bio-
ethanol, which is derived from a range of agria@typroducts, it is not surprising that there is a
topical and developing literature on the spilloveb®etween energy and agricultural
markets. Modelling and testing spillovers betwebe energy and agricultural markets has
typically been based on estimating multivariate dibonal volatility models, specifically the
BEKK and DCC models. A serious technical deficiercyhat the Quasi-Maximum Likelihood
Estimates (QMLE) of a full BEKK matrix, which isgically estimated in examining volatility
spillover effects, has no asymptotic propertiegepx by assumption, so that no statistical test of
volatility spillovers is possible. Some papersha titerature have used the DCC model to test for
volatility spillovers. However, it is well known ithe financial econometrics literature that the
DCC model has no regularity conditions, and that @MLE of the parameters of DCC has no
asymptotic properties, so that there is no valatigtical testing of volatility spillovers. The
purpose of the paper is to evaluate the theory @adtice in testing for volatility spillovers
between energy and agricultural markets using takivariate BEKK and DCC models, and to
make recommendations as to how such spilloverstrhggtested using valid statistical techniques.
Three new definitions of volatility and covolaglispillovers are given, and the different models

used in empirical applications are evaluated imgeof the new definitions and statistical criteria.

Keywords: Energy markets, agricultural markets, volatilibhdacovolatility spillovers, univariate
and multivariate conditional volatility models, BEKDCC, definitions of spillovers.

JEL: C22, C32, C58, G32, 013, Q42.



1. I ntroduction

Energy and agricultural commodities and marketsehbeen examined extensively, albeit
separately, for a number of years. In the energyadliure, the returns, volatility and volatility
spillovers (namely, the delayed effect of a retuishsck in one financial asset on the subsequent
volatility or covolatility in another asset), amomdfernative energy commodities, such as oill,
gasoline and ethanol across different markets, haga analysed using a variety of univariate and
multivariate models, estimation techniques, dats, s;nd time frequencies. A similar comment
applies to the separate theoretical and empiricalyais of a wide range of agricultural

commodities and markets.

Given the recent interest and emphasis in bio-faretsgreen energy, especially bio-ethanol, which
can be derived from a range of agricultural prosiuittis not surprising that there is a topical and
developing literature on the spillovers betweenrgyeand agricultural markets, where the
emphasis is on testing the magnitude and directidhe volatility spillovers between alternative

commodities in these markets.

A related area of research is the relationship eetwenergy prices, on the one hand, and food and
fertilizer prices, on the other, as fertilizer mschave a direct and significant effect on thegsric

of agricultural products (see, for example, Alga(2010) and Chen et al. (2012)). However, there
do not seem to be any published papers that hatedtéor volatility spillover effects between the
energy and fertilizer markets as existing resedashfocused on univariate conditional volatility

models rather than their multivariate counterparts.

Spillovers can be examined in the conditional metrat is, the financial returns on commodity
prices, or the conditional volatility of the shodksreturns. When spillovers are analysed in the
context of returns, such testing of spillover effeare based on the well-known Granger (non-)
causality test in a vector autoregressive prodessmation and testing are typically undertaken
within a systems framework for purposes of efficiein estimation and greater power of the

associated tests.



Spillover effects can also be tested in terms efdbnditional volatility. Modelling and testing
spillovers between the energy and agricultural mi@rkas typically been based on estimating
multivariate conditional volatility models, speciily the BEKK model of Engle and Kroner
(1995) and the DCC model of Engle (2002). It haankshown in McAleer et al. (2008) that BEKK
can be derived from a vector random coefficientoeagressive model, and that the Quasi-
Maximum Likelihood Estimates (QMLE) of the parameten BEKK have the asymptotic
properties of consistency and asymptotic normalitit, only where the covariance matrix of the
random coefficient is a diagonal matrix (or theoassted special case of a scalar matrix). In
practice, in the literature on testing for volayilispillovers between energy and agricultural
markets, virtually all of the published papers sderhave estimated a full BEKK matrix to test

for spillover effects.

A serious technical deficiency and limitation isthhe QMLE of a full BEKK matrix has no

asymptotic properties, except by assumption ofetkistence of multivariate eighth moments,
which cannot be verified. Therefore, no statistiest of volatility spillover effects is possible
within the context of a full BEKK model. This is aontrast with the diagonal BEKK counterpatrt,
where the regularity conditions can be verified tlsat the asymptotic properties of the QMLE

allow valid statistical tests of volatility spillevs.

Some papers in the literature have used the DCCehtodtest for volatility spillovers using
multivariate conditional covariances and conditioc@relations. However, it is well known in
the financial econometrics literature that the D@@del has no regularity conditions, and that the
QMLE of the parameters of DCC has no asymptotip@ries, except by assumption. Therefore,
volatility spillovers cannot be tested statistigalking the associated conditional covariances and

conditional correlations.

The purpose of the paper is to evaluate the thaodypractice in testing for volatility spillovers
between energy and agricultural markets using tBHK and DCC models, and to make
recommendations as to how such spillovers mighésied using valid statistical techniques. The
published papers in the literature will be evaldaie the basis of countries, energy and agricultura

commodities and markets, data sources, sampledsedata frequencies, analytical properties of



the model specifications, statistical propertieshed associated estimators, convergence of the
associated estimation algorithms, number of pararmdb be estimated, the hypotheses to be
tested for volatility spillovers, significance dfet associated estimators, magnitudes and signs of
the estimators, use of univariate and multivar@aditional volatility models, the presence or
otherwise of volatility spillovers, and an overadisessment of the empirical results in the liteeatu

based on misinterpretations of the models usedtimation.

The plan of the remainder of the paper is as falo8ection 2 presents the stochastic processes
for the two most widely used univariate conditiomallatility models in the first step of estimating
the two multivariate conditional volatility modetgith spillover effects. Section 3 analyses 11
papers that have been published in internationathpds to evaluate volatility spillovers between
energy and agricultural markets, and makes recordatiems as to how such spillovers might be
tested using valid statistical techniques. Thre& definitions of volatility spillovers are given,
specifically full volatility, full covolatility spilovers, and partial covolatility spillovers, the
alternative multivariate models are evaluated i of the new definitions, and the different
multivariate models used in empirical applicati@ne evaluated in terms of the new definitions
and relevant regularity conditions and statistarékeria. Section 4 gives a summary of the main

results in the paper.

2. Stochastic Processes for Univariate and Multivariate Conditional
Volatility Models: Full and Partial Volatility and Covolatility Spillovers

In order to accommodate volatility spillover effecalternative multivariate volatility models of
the conditional covariances are available. Examiplelsidethe diagonal model of Bollerslev et
al. (1988), the vech and diagonal vech models gtécand Kroner (1995), the Baba, Engle, Kraft,
and Kroner (BEKK) multivariate GARCH model of Babka al. (1985) and Engle and Kroner
(1995), the constant conditional correlation (CQshecifically, multiple univariate rather than
multivariate) GARCH model of Bollerslev (1990), thang and McAleer (2003) vector ARMA-
GARCH (VARMA-GARCH) model, and the VARMA-asymmetriGARCH (VARMA-
AGARCH) model of McAleer et al. (2009), the Eng2002) dynamic conditional correlation
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(technically, dynamic conditional covariance ratti@an correlation model) (DCC), and the Tse
and Tsui (2002) varying conditional correlation (@0model. For further details on most of these

multivariate models see, for example, McAleer (2005

The first step in estimating multivariate modelstasobtain the standardized shocks from the
conditional mean returns shocks. For this reasmanthree most widely used univariate conditional
volatility models, namely GARCH, GJR and EGARCHIlwe presented briefly, followed by the
two most widely estimated multivariate conditiorw@variance models, namely variations of
BEKK and DCC.

Consider the conditional mean of financial retuaadollows:

yt = E(yt I It—l) +£t (1)

where the returnsy, = AlogR , represent the log-difference in financial comntpdor

agricultural prices @ ), |, is the information set at timél, and & is conditionally
heteroskedastic. In order to derive conditionahtibly specifications, it is necessary to specify

the stochastic processes underlying the returnskshs, .

2.1  Univariate Conditional Volatility Models

Alternative univariate conditional volatility modelare of interest in single index models to
describe individual financial assets and marketsivatiate conditional volatilities can also be
used to standardize the conditional covariancestarnative multivariate conditional volatility
models to estimate conditional correlations, whach particularly useful in developing dynamic
hedging strategies.

The three most popular univariate conditional ubtgimodels are discussed below, together with
the associated regularity conditions, the cond#ticequired for asymmetry and leverage, and the



conditions underlying the asymptotic propertiecomsistency and asymptotic normality, where

they can be shown to exist.

2.1.1 Random Coefficient Autoregressive Processand GARCH

Consider the random coefficient autoregressivegs®of order one:

E =G €y T, (2)
where

¢ ~iid(Qa),

n, ~iid(0,a),

ands, =&, /4/h, is the standardized residual.

Tsay (1987) derived the ARCH(1) model of Engle @98om equation (2) as:

h = E(‘gt2 1) = C‘)+a£t2—1 ' 3

where h, is conditional volatility, and,_, is the information set available at tiraé. The use of

an infinite lag length for the random coefficienit@aregressive process in equation (2), with
appropriate geometric restrictions (or stabilitpydibions) on the random coefficients, leads to the
GARCH model of Bollerslev (1986). From the spedatfion of equation (2), it is clear that both
a anda should be positive as they are the unconditiomalances of two different stochastic

processes.

The QMLE of the parameters of ARCH and GARCH haeerbshown to be consistent and
asymptotically normal in several papers. For exanlpihg and McAleer (2003) showed that the
QMLE for GARCH(p,q) is consistent if the second moment is finite. Bwrer, a weak sufficient



log-moment condition for the QMLE of GARCH(1,1) be consistent and asymptotically normal

is given by:

E(log(an; + ) <0, |BI<1,

which is not easy to check in practice as it inegltwo unknown parameters and a random variable.

The more restrictive second moment condition, ngnaet 5 <1, is much easier to check in

practice.

In general, the proofs of the asymptotic properfiiow from the fact that ARCH and GARCH

can be derived from a random coefficient autoresgvesprocess (see McAleer et al. (2008) for a
general proof of multivariate models that are basegdroving that the regularity conditions satisfy
the conditions given in Jeantheau (1998) for cdescy, and the conditions given in Theorem

4.1.3 in Amemiya (1985) for asymptotic normality).

2.1.2 Random Coefficient Autoregressive Process and GJR

The ARCH and GARCH models are symmetric, that @sitpve and negative shocks of equal
magnitude have identical effects on conditionaktibty. Consequently, there is no asymmetry,
and hence no leverage, whereby negative shocleaseiconditional volatility and positive shocks

decrease conditional volatility (see Black (1976)).
McAleer (2014) showed that the GJR model of Gloslagannathan and Runkle (1992) could be
derived as a simple extension of the random caoefficautoregressive process in equation (2),

with an indicator variabld (¢,_,) that distinguishes between the different effeétpasitive and

negative returns shocks on conditional volatilitgmely:

Et = ¢I Et—l +¢/t I (Et—l) Et—l +I7'[ (4)

where



¢, ~iid (0,a),

@, ~iid 0,y),

n, ~iid(0,a),

I(£,_,) =1wheng, <0,

I (£,.,) =0wheng,, 20,

n, = & 1/h, is the standardized residual,

and the indicator functiond,(£,,), are randon variables.

The conditional expectation of the squared retwgimscks in equation (4), which is typically
referred to as the GJR (alternatively, as the Huolesor asymmetric GARCH) model, is an

extension of equation (3), as follows:
h = E(gtz 1) = a)+a£t2—1 +yl (gt—l)gtz—l : (5)

The use of an infinite lag length for the randoraf@ioient autoregressive process in equation (4),
with appropriate restrictions on the random coédfits (namely, stability conditions), leads to the
standard GJR model with lagged conditional volgtilFrom the specification of equation (4), it

is clear that all three parameters should be pesds they are the variances of three different

stochastic processes.

A sufficient condition for the consistency of th&QE of GJR(1,1) is the existence of the second

moment, namelyr + S+ y/2<1. McAleer et al. (2007) showed that the weakericiifit l0g-

moment condition for consistency of the QMLE of GIR) is given by:

E(log[(a +y1 (1))l + B1) <0, |BI<,



which involves three unknown parameters, an indrcfainction, and a random variable. As in the
case of the log-moment condition for GARCH(1,1% thore restrictive second moment condition

is much easier to check in practice.

As in the case of ARCH and GARCH, the proofs ofabgmptotic properties follow from the fact

that GJR can be derived from a random coefficietbragressive process (see McAleer et al.
(2008) for a general proof of multivariate moddiattare based on proving that the regularity
conditions satisfy the conditions given in Jeanth€B998) for consistency, and the general

conditions given in Theorem 4.1.3 in Amemiya (19&%)asymptotic normality).
As shown in McAleer (2014)he GJR model is asymmetric, in that positive angatiee shocks
of equal magnitude have different effects on cood#l volatility. Therefore, asymmetry exists

for GJR if:

Condition for Asymmetry for GJR: y >0.

A special case of asymmetry is leverage, whicheésnegative correlation between returns shocks
and subsequent shocks to volatility (see Black §)97he differences between asymmetry and
leverage are frequently misunderstood and misingéed in practice, it is worth stating them
explicitly. The conditions for leverage in the Gdfdel in equation (5) are:

Condition for Leveragefor GJR: a <0 and a+y >0.
The second parametric condition for leverage isclfy omitted in the literature on GJR. It is
clear that leverage is not possible for GJR as loothnd y, which are the variances of two

stochastic processes, must be positive.

2.1.3 Random Coefficient Complex Nonlinear M oving Aver age Process and EGARCH
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Another conditional volatility model that can acamwdate asymmetry is the EGARCH model of
Nelson (1990, 1991). McAleer and Hafner (2014) stbthat EGARCH could be derived from a

random coefficient complex nonlinear moving aver®ECNMA) process, as follows:

gt :m\llnt—ll-'-‘/lt V,7t—l +,7t (6)

where

¢ ~iid(0,a),
l//t - ”d(o,y),
n, ~iid(0,a),

\-1 is a complex-valued function of,_,

andn, = & /4h is the standardized residual.

McAleer and Hafner (2014) show thaietconditional variance of the squared returns lshot

equation (6) is:

h =E(& |l,u) =w+a|n_ |+yn., (7)

where it is clear from the RCCNMA process in equati6) that all three parameters should be
positive as they are the variances of three diffieséochastic processes.

Although the transformation df, in equation (7) is not logarithmic, the approxifaatgiven by:

logh, =log(l+(h, -1)) =h -1
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can be used to repladg in equation (7) with 1 4ogh,. The use of an infinite lag for the

RCCNMA process in equation (6) would yield the sl EGARCH model with lagged

conditional volatility.

As EGARCH can be derived from a random coefficieamplex nonlinear moving average
(RCCNMA) process, it follows that there is no inweaility condition to transform the returns
shocks to the standardized residuals. Therefoegetare as yet no asymptotic properties of the
QMLE of the parameters of EGARCH.

Recently, Martinet and McAleer (2015) showtedt the EGARCHg,q) model could be derived
from a stochastic process, for which the invertypilconditions can be stated simply and
explicitly. This theoretical result is likely todd to the development of asymptotic properties for
the QMLE of EGARCH.

McAleer and Hafner (2014) show thegymmetry exists for EGARCH if:

Condition for Asymmetry for EGARCH: y >0,

and that leverage exists for EGARCH model if:

Condition for Leveragefor EGARCH: y<0 and y<a<-y.

The second parametric condition for leverage ischify omitted in the literature on EGARCH,
without explanation. As in the case of the GJR matlés clear that leverage is not possible for

EGARCH as botha and y, which are the variances of two stochastic pragsmust be

positive.

2.2  Multivariate Conditional Volatility M odels

The multivariate extension of univariate GARCH igep in Baba et al. (1985) and Engle and

Kroner (1995), while the multivariate extensioruafvariate GJR is given in McAleer et al. (2009).
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A multivariate extension of the univariate EGARCHbael has been considered in Kawakatsu
(2006), although no asymptotic properties have ¥peen established for the matrix
exponential GARCH model.

It would seem that the conditions for asymmetry Everage for the GJR and EGARCH models
should also be applicable to their multivariate rdewparts, although this does not seem to be
common in practice. The asymmetry conditions fottivariate GJR are given in the VARMA-
AGARCH model of McAleer et al. (2009). Leverage tgsically been presented for individual
equations only, as defined by Black (1976) for aniate processes using arguments based on the
debt-to-equity ratio. The multivariate counterpaftleverage does not yet seem to have been
defined, primarily because co-leverage across réiffeassets does not have an unambiguous

meaning in terms of the debt-equity ratio for atfmdio of assets.

In order to establish volatility spillovers in a Hhivariate framework, it is useful to define the

multivariate extension of the relationship betwedbe returns shocks and the standardized
residuals, that is,n, =£t/\/ﬁ . The multivariate extension of equation (1), namel
y, = E(y, |1,,) + &, can remain unchanged by assuming that the thoeganents are now

mx1 vectors, wheran is the number of financial assets. The multivaridefinition of the

relationship betwee&, and, is given as:
gt — Dt1/2,7t ’ (8)

where D, =diag(h,,h,,....n,) is a diagonal matrix comprising the univariate dtodal
volatilities. Define the conditional covariance mpatof &, asQ,. As themx1 vector, 7, , is
assumed to be iid for athelements, the conditional correlation matrixpf, which is equivalent
to the conditional correlation matrix gf , is given byl . Therefore, the conditional expectation

of (8) is defined as:

Qt = Dtl/2 rt Dtl/Z ] (9)
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Equivalently, the conditional correlation matrix,, can be defined as:

rt = Dt—1/2 Qt Dt—1/2. (10)
Equation (9) is useful if a model df, is available for purposes of estimati@g, whereas (10) is

useful if a model ofQ, is available for purposes of estimatirhg.

Equation (9) is convenient for a discussion of tiblg spillover effects, while both equations (9)

and (10) are instructive for a discussion of asymptproperties. As the elements Df are
consistent and asymptotically normal, the conseteof Q, in (9) depends on consistent
estimation ofI",, whereas the consistency 6f in (10) depends on consistent estimatiorQpf
As bothQ, and I, are products of matrices, neither the QMLE®Dr I, will be asymptotically

normal based on the definitions given in equati@®sand (10).

2.3  Full and Partial Volatility and Covolatility Spillovers

Volatility spillovers are defined as the delayedeef of a returns shock in one assetthe
subsequent volatility or covolatility in anothersat Therefore, a model relatiy to returns
shocks is essential, and this will be addressethenfollowing sub-section. Spillovers can be
defined in terms of full volatility spillovers anfill covolatility spillovers, as well as partial

covolatility spillovers, as follows, for, j,k =1,...,m:

(1) Full volatility spillovers: 0Q,, /0&,,_,, K #1; (11)

(2) Full covolatility spillovers: 0Q,, /d&,,,1# j, k#i,j; (12)

ijt

(3) Partial covolatility spillovers: dQ,, /0&,_,, i # j, k=eitherior j. (13)

ijt
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Full volatility spillovers occur when the returnsogk from financial assétaffects the volatility

of a different financial asseét

Full covolatility spillovers occur when the retursfiock from financial asseét affects the

covolatility between two different financial assetand;.

Partial covolatility spillovers occur when the netsi shock from financial assktaffects the

covolatility between two financial assetgndj, one of which can be assget

Whenm=2, only (1) and (3) are possible as full covolatikpillovers depend on the existence

of a third financial asset.

As mentioned above, spillovers require a model tblates the conditional volatility matrix, ,

to a matrix of delayed returns shocks. The two niesjuently used models of multivariate
conditional covariances are alternative specifceti of the BEKK and DCC models, with
appropriate parametric restrictions, which willdmnsidered below.

24  Diagonal and Scalar BEKK

The vectorandom coefficient autoregressive process of avderis thanultivariate extension of

equation (2), and is given as:

gt = q)t £t—1 +,7t (14)

where

& ands, are mx1 vectors, andp, is anmxm matrix of random coefficients, and

®, ~iid (0,A),
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7, ~iid (0,QQ").

Technically, a vectorization of a full (that is,mdiagonal or non-scalar) matmxto vech A can
have dimension as high a¥ x m*, whereas vectorization of a symmetric ma#iio vec A can

have dimension as low as(m-1)/2xm(m-1)/2.

In a case where A is either a diagonal matrix @ special case of a scalar matrfc=al ,,

McAleer et al. (2008) showed that the multivariex¢ension of GARCH(1,1) from equation (14),
incorporating an infinite geometric lag in termstloé returns shocks, is given as the diagonal or

scalar BEKK model, namely:
Q =QQ'+Ag_,A +BQ_B , (15)
whereA andB are both either diagonal or scalar matrices.

McAleer et al. (2008) showed that the QMLE of tle@gmeters of the diagonal or scalar BEKK
models were consistent and asymptotically norneeihat standard statistical inference on testing

hypotheses is valid. Moreover, & in (15) can be estimated consistenfly,in equation (10) can

also be estimated consistently.

In terms of volatility spillovers, as the off-diaga terms in the second term on the right-hand side
of equation (15) A&, & ,A, have typical i(j) elementsa,a; &, ,&; .1 # j,i,] =1,...m there are

no full volatility or full covolatility spilloversHowever, partial covolatility spillovers are natlp
possible, but they can also be tested using vadiisdcal procedures.

25  Triangular, Hadamard and Full BEKK

Without actually deriving the model from an appiepr stochastic process, Baba et al. (1985) and

Engle and Kroner (1995) considered the full BEKKdalp as well as the special cases of triangular
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and Hadamard (element-by-element multiplication)KBEmodels. The specification of the

multivariate model is the same as the specificaticgquation (15), namely:

Q =QQ+Ag £ ,A +BQ B, (16)

except that A and B are full, Hadamard or trianguteatrices, rather than diagonal or scalar

matrices, as in (15).

Although estimation of the full, Hadamard and tgatar BEKK models is available in some
standard econometric and statistical software ggasdt is not clear how the likelihood functions
might be determined. Moreover, the so-called “cufsdimensionality”, whereby the number of
parameters to be estimated is excessively largkesneonvergence of any estimation algorithm

somewhat problematic.

Jeantheau (1998) showed that the QMLE of the pasmef the full BEKK model is consistent
under a multivariate log-moment condition, whilen@e and Lieberman (2003) showed that the
QMLE are asymptotically normal under the assumptérthe existence of eighth moments.
Unfortunately, the multivariate log-moment conditic more complicated than the counterparts
for the GARCH(1,1) and GJR(1,1) models given in-sabtions 2.1.1 and 2.1.2, respectively.
Specifically, the multivariate log-moment conditsoare difficult to verify when the matricds
andB are neither diagonal nor scalar matrices, aneigtgh moment condition cannot be verified
for a full BEKK model. Therefore, there are as getverifiable asymptotic properties of the full,

Hadamard or triangular BEKK models.

The full, Hadamard and triangular BEKK models h&vé volatility spillovers, full covolatility
spillovers, and partial covolatility spillovers. Wever, any hypothesis testing relating to such
spillovers is not possible as the QMLE do not psssany verifiable asymptotic properties.

Moreover, afQ, in (15) cannot be shown to be estimated consigtefitin equation (10) also

cannot be shown to be estimated consistently.
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This is in sharp contrast to a number of publispagers in the literature whereby volatility
spillovers have been tested incorrectly based emthdiagonal terms in the matriin equation

(16). This will be elaborated in Section 3 below.
2.6  Diagonal and Scalar DCC

Another multivariate conditional volatility modelak been suggested by Engle (2002), who
presented, without using any stochastic processtHer underlying returns shocks, what is
purported to be a dynamic conditional correlatib@C) model Without distinguishing between

dynamic conditional covariances and dynamic cood#l correlations, Engle (2002) presented

the scalar DCC specification as:

Q=0L-a- ,8)6 + a’?t—l’?tl—l + Q. (17)

Wherea is assumed to be positive definite with unit elate@long the main diagonal, the scalar
parameters are assumed to satisfy the stabilitgiton, a + S< 1, the standardized shockg,

have been defined previously.

As the matrix in equation (17) does not satisfydeénition of a correlation matrix, specifically
the off-diagonal terms are not necessarily posiiveegative fractions, and the diagonal elements

are not necessarily all equal to one, Engle (2082} the following standardization:

I, = (diag(Q,)) " Q, (diag(Q,) ™. (18)

As discussed in Hafner and McAleer (2014), theneoislear explanation given in Engle (2002)

for the standardization in equation (18) or, maeently, in Aielli (2013). The standardization in

equation (18) might make sense if the mafgixin (17) were the conditional covariance matrix

of & or 7, , though this is also not made clear. Despitetitle of the paper, Aielli (2013) also

does not provide any stationarity conditions fa& BCC model, and does not mention invertibility.
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Indeed, in the literature on DCC, it is not clednether equation (17) refers to a conditional

covariance or a conditional correlation matrix.

Similar comments also apply to the varying conduilocorrelation (VCC) model of Tse and Tsui
(2002), where the first stage is based on a stdm@ARCH(1,1) model using returns shocks. The
second stage is slightly different from the DCCnfafation as the dynamic conditional
correlations are defined appropriately as correheti However, no regularity conditions are
presented, and hence no statistical propertiegiaes. Some useful caveats regarding DCC and
VCC are given in Caporin and McAleer (2013).

Hafner and McAleer (2014) use a vector random gaefft moving average process to derive a
scalar DCC model, where it is shown that§C is a dynamic conditional covariance model of
the returns shocks rather than a dynamic conditmoraelation model; (ii) provides the motivation
for standardization of the conditional covarianteebtain the conditional correlations; and (iii)
shows that the appropriate GARCH model for DCCasda on the standardized shocks rather
than the returns shocks.

In what follows, the analysis of Hafner and McAI€2014) is extended to derive a diagonal DCC

model, of which a special case is the standard Df©@el. Specifically, let:

gt = et /7t—l +/7t (19)

where

& ands, are mx1 vectors, andd, is anmxm matrix of random coefficients, and

O, ~iid (0,A),

n, ~iid(0,r).

The conditional covariance matrix of (19) is givesn
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Q=T +An_n_A. (20)

As in the case of the derivation of the BEKK modlels assumed that A is either a diagonal or
scalar matrix, otherwise the derivation in (20)lwibt be possible because of non-conformity of

the matrices in the matrix product.

A straightforward extension of (19) to a vectordam coefficient moving average process of

order infinity, with appropriate geometric restiacts, leads to an extension of (20), as follows:

Qt = r + A”t—l’]t'—lA + BQt—lB" (21)

where B is also a diagonal or scalar matrix. Traasosersion of DCC in (21), in which = a*?
and B = 82 gives the scalar DCC model in (17). The standatitimaf I, given in (18) ensures

that the elements of the standardized matrix gatisé definition of a matrix of correlation

coefficients.

The diagonal and scalar versions of DCC do not laVeolatility or full covolatility spillovers,
but partial covolatility spillovers are possibleowever, tis well known that the QMLE of DCC
have no regularity conditions or asymptotic projgsrf{see, for example, Aielli (2013) and Caporin
and McAleer (2013)). Hafner and McAleer (2014) destoate stationarity and invertibility of the
DCC specification given in equation (21), whichas important step in demonstrating the
asymptotic properties of the QMLE of the parametdrscalar BEKK. It follows, therefore, that
any statistical tests of volatility spillovers, sgfecally partial covolatility spilloverswill be

invalid.
This is in marked contrast to a number of publishagders in the literature whereby volatility

spillovers have been tested incorrectly based emthdiagonal terms in the matriin equation

(21). This will be elaborated in Section 3 below.

20



3. Critical Analysisof the Empirical Literature

A useful analysis of the empirical literature oraeMning volatility spillovers has been presented
in “The dynamic pattern of volatility spillovers betareoil and agricultural markets” by Saucedo,
Brimmer and Jaghdani (2015). The authors examiBguuBlished papers predominantly on the
basis of univariate and multivariate conditionalatitity models, as well as one paper on each of
univariate stochastic volatility and univariate lised volatility. It is clear that conditional
volatility models, as discussed in the previousisacdominate in any empirical analysis that tests
for volatility spillover effects.

The papers discussed in Saucedo, Brummer and Jagl2@45) were analysed on the basis of
products (or energy and agricultural commoditiesgyjon or country, model (specification), time
frame (or sample period), (data) frequency, and iecap findings regarding spillovers. As
discussed in the previous section, sensible arsabfsvolatility spillovers requires multivariate
models to estimate and test for full volatility l&mrers, full covolatility spillovers, and partial

covolatility spillovers.

For this reason, in this paper we have chosen ttheo23 published empirical papers that have
used the multivariate full BEKK model (in one papée diagonal BEKK model), and two papers
that estimated both the full BEKK and scalar DCGdels. The scalar BEKK model was not used
at all, and in some cases a univariate conditionatlel was presented in addition to the

multivariate conditional volatility models.

The 11 papers that will be appraised in chronolagicder are: “Ethanol, corn, and soybean price
relations in a volatile vehicle-fuels market” by atg, Lohr, Escalante and Wetzstein (2009),
“Volatility spillovers between food and energy matk A semiparametric approach” by Serra
(2011), “Price volatility in ethanol markets” by & Zilberman and Gil (2011), “Volatility

spillover effects and cross hedging in corn andleroil futures” by Wu, Guan and Myers (2011),
“Volatility spillovers in US crude oil, ethanol ancbrn futures markets” by Trujillo-Barrera,

Mallory and Garcia (2012), “Inside the Black Boxhélprice linkage and transmission between
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energy and agricultural markets” by Du and McPK21l12), “Do energy prices stimulate food
price volatility? Examining volatility transmissidretween US oil, ethanol and corn markets” by
Gardebroek and Hernandez (2013), “Price volatiitfood markets: can stock building mitigate
price fluctuations?” by Serra and Gil (2013)platility spillovers in China’s crude oil, cornma
fuel ethanol markets” by Wu and Li (2013The influence of biofuels, economic and financial
factors on daily returns of commodity futures psitby Algieri (2014), and “Dynamic spillovers
among major energy and cereal commodity pricesMeysi, Hammoudeh, Nguyen and Yoon
(2014).

The appraisal of the empirical literature in thestson does not consider the empirical findings as
these are already givenaucedo, Brimmer and Jaghdani (20&a8)eit not critically from either

a mathematical or statistical perspectiVhis paper is concerned with the statistical tgsbih
volatility spillover effects, and will concentrabaé the regularity conditions, statistical propestie
hypothesis testing and statistical significanceg@sopriate.

In addition to the energy commodities, agricultu@mmodities, countries, multivariate
conditional volatility models, sample periods, aada frequencies that were discussed in Saucedo,
Brummer and Jaghdani (201%)e paper also considers in Tables 1A, 1B andli€journals in
which the papers were published, the energy andudigiral prices (namely spot or futures prices),
data sources, software packages used in estinaimtesting, the univariate conditional volatility
models used in estimation as a first step in esiimgpaheir multivariate counterparts, the types of
spillover effects considered (namely full volatilitfull covolatility and partial covolatility
spillovers), the analytical and statistical progertof the conditional volatility models, the
purported hypothesis tests, the purported staissgnificance of the tests, and an overall

assessment of each of the published papers.

The 11 papers were published in some of the leaelivgggy, agricultural and natural resource
economics, and futures market journals, namely gnEconomics (3 papers), European Review
of Agricultural Economics (2 papers), Energy Pol{@ypapers), and one paper in each of the
Journal of Agricultural and Resource Economics,rByndournal, Energies, and Journal of Futures
Markets.
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Also given in Table 1A are the countries for whtble energy and agricultural products data are
obtained, predominantly the USA for ethanol, fuslagol, crude oil, light crude oil, heating oll,
biodiesel, gasoline, and heating oil. Other coestror regions considered include France for
ethanol, crude oil and biodiesel, the European ko oil, heating oil and gasoline, China for
crude oil and fuel ethanol, international countfi@scrude oil and ethanol, and Brazil for crude
oil and ethanol. The agricultural commodities imgicorn, rapeseed, soybeans, soybean oil, sugar
and wheat for the USA and France, barley, corrglson and wheat for the USA and European
Union, sugar for the USA, Brazil and other interoiaél countries, and corn for the USA and
China.

Table 1A also shows that the most frequently used dn prices were for spot (or cash) prices (5
papers), futures prices (3 papers), and one paoér fer both spot and futures prices, both spot
prices and index, and nominal prices. The sampl®g® ranged from 1989, 1990, 1992, 1997,
2000, 2003, 2005 and 2006 through to 2007, 20089,22010. 2011, 2012 and 2013. for weekly
data (7 papers), daily data (3 papers, and oner pagieused monthly data for ethanol and corn
(see also Table 1B)).

Table 1B also shows that the primary data soumesded Bloomberg, EIA (energy, oil, crude
oil, gasoline), IGC (cereal), CBOT (ethanol, cararn futures), FAO (corn), National Bureau of
Statistics of China, Nebraska Government (ethahNASS (corn), CME (corn, ethanol, gasoline,
light crude oil), NYMEX (gasoline, WTI, crude oil}CEPEA (ethanol, sugar), Center for
Advanced Studies on Applied Economics (ethanolagudJSDA (corn cash), Ethanol and
Biodiesel News (ethanol), and USDA (corn soybean).

The same table shows that only one paper, nameha,S&lberman and Gil (2011), stated the
statistical, econometric or financial econometoftware package, specifically, WinRATS version
6.30, that was used in estimation, whether for amaéte or multivariate conditional volatility

models. Consequently, there was no discussionmfergence of any algorithms that were used
to estimate the models. This is a disappointingifig as it can be quite difficult to reproduce

empirical results, especially for multivariate cdiwhal volatility models, when the software
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package is not stated explicitly. Moreover, therseuof dimensionality” cannot be determined
when there is no discussion of the convergenckeoalgorithms, despite the fact it is well known
that convergence is problematic when more tharetfin@ncial assets are used to estimate the full
BEKK model.

The last three columns of Table 1B provide soméuliggsights regarding the types of univariate
and multivariate conditional volatility models treat estimated, as well as the alternative vahatili
spillovers that can be considered. The full BEKKd®bis estimated in 7 papers, both the full
BEKK and scalar DCC models are estimated in 2 ggjaed the diagonal BEKK model and scalar
DCC model are estimated separately in one papér. @acdiscussed in sub-section 2.3, the full
BEKK models incorporates full volatility, full covatility and partial co-volatility spillovers,
while the diagonal BELL and scalar DCC models altovy partial co-volatility spillovers. Valid

statistical testing of such spillovers effectsiscdssed in Table 1C below.

As univariate models are necessary to obtain #restrdized residuals for subsequent multivariate
estimation and testing, each of the papers usk=astt one, indeed usually only one, univariate
conditional volatility model to initiate the estith@n process. Of the 11 published papers, 7 use
only the GARCH model (including one semi-parame@8RCH model), 2 use the threshold
GARCH model (also commonly known as GJR), one pages only EGARCH, and one uses
both the GARCH and EGARCH models.

The analytical and statistical properties of thel(@wf the univariate and multivariate conditional
volatility models are analysed in Table 1C. Somewdhuaprisingly and disappointingly, all 11
papers ignore any discussion of the analytical griigs of the multivariate conditional volatility
models, and 9 of the papers also ignore the analypiroperties of the univariate conditional
volatility models as a precursor to estimatingrhétivariate models. Gardebroek and Hernandez
(2014) report thav+p < 1, without explanation, but do not seem to apptecihat this is a
sufficient but not necessary condition for the urdional variance to be finite, and for the QMLE
to be consistent. Wu and Li (2013) discuss the itmmd for asymmetry and leverage for the

EGARCH model, but do so incorrectly by concentrim the first condition, albeit incorrectly,
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namely y #0 rather thany <0, and ignoring the second condition altogether, elgm

y<a<-y.

The papers purportedly test the hypotheses relainglatility and covolatility spillovers without

recognizing that such tests are invalid exceptherdiagonal and scalar BEKK models, and not
valid whatsoever for the scalar DCC models. Onlg paper fails to provide any evidence of any
purported hypothesis tests or diagnostic checks dldgnostic checks include the standard Ljung-
Box Q test for the absence of serial correlatiothmresiduals of the conditional mean equation
(in 2 papers), normality tests of the returns skofk 4 papers), both unit root tests and

cointegration tests (in 6 papers), tests of catys@h 3 papers), and a test for long memory (ie on

paper).

As can be seen from Table 1C, all 11 papers reghantethe purported statistical significance of
the estimated parameters, despite the fact thed theno proof that the statistical properties hold
for diagnostic checks and statistical significarafe estimated presence in the absence of
asymptotic results for the multivariate conditiomalatility models. These diagnostic checks are
generally invalid in the presence of estimatingatitity and covolatility spillovers, except under
the null hypothesis that such spillovers do nosgxivhich would seem to destroy the primary

purpose of the analysis.

As 7 of the 11 papers used weekly data and oner pajeel monthly data, with the remaining 3
papers having used daily data, it is surprising tihere were no tests conducted for seasonal unit
roots or the possibility of seasonal cointegratidaving said that, there is no statistical proeitth
such diagnostic checks would be valid in the absef@any asymptotic theory underlying the full
BEKK and scalar DCC models.

The last column in Table 1C makes it clear thataberall assessment of the empirical literature
in estimating and testing for volatility and coudity spillovers between the energy and
agricultural markets is one of disappointment.horg the theoretical and empirical analyses in

every paper are questionable.
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The only tests that are valid asymptotically aretfe scalar and diagonal BEKK models. The
diagonal BEKK model was estimated only in the pdpeAlgieri (2014), but without explanation
or any statement to the effect of statistical vglidt can reasonably be presumed that the didgona
BEKK model was estimated to overcome the “cursdimiensionality” that would otherwise have
been faced in trying to obtain convergence in esiimy the full BEKK model. This raises serious
guestions and reservations about the unstated ggemnvee in estimating the full BEKK model in

9 of the 11 published papers in the literature ahatlity spillovers between energy and

agricultural markets.

4, Concluding Remarks

The primary purpose of the paper was to specifiynese and test for volatility and covolatility
spillovers between the energy and agricultural eistkThe paper showed that in the energy
literature, the returns, volatility and volatiligpillovers among alternative energy commodities
have been analysed using a variety of univariadenamtivariate conditional volatility models, the
leading energy and agricultural economics jourima¥ghich the papers were published, estimation
techniques, data sets, time frequencies, energyagndultural prices, data sources, software
packages used in estimation and testing, the uateaconditional volatility models used in
estimation as a first step in estimating their mahate counterparts, the types of volatility
spillover effects that are considered (namely\alhtility, full covolatility and partial covolatity
spillovers), the analytical (regularity) conditigrssatistical properties of the conditional voisyil
models, the purported hypothesis tests, the pwegatatistical significance of the tests, and an

overall assessment of each of the published papers.

A similar comment applies to the separate theaktiod empirical analysis of a wide range of

agricultural commodities and markets.

Given the recent interest and emphasis in bio-faretsgreen energy, especially bio-ethanol, which

can be derived from a range of agricultural prosiuittis not surprising that there is a topical and
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developing literature on the volatility and covdligt spillovers between the energy and

agricultural markets.

Modelling and testing spillovers between thesenveokets has typically been based on estimating
multivariate conditional volatility models. A sets technical deficiency is that the Quasi-
Maximum Likelihood Estimates (QMLE) of the two mogbpular multivariate conditional
volatility models, namely the BEKK and DCC moddigically have no asymptotic properties,
except by assumption or under appropriate paracretgumptions, so that no valid statistical test

of volatility spillovers is possible.

The paper evaluated the theory and practice imtge&ir volatility spillovers between energy and
agricultural markets using the multivariate BEKK darDCC models, and provided
recommendations as to how such volatility and catidl spillovers might be tested using valid
statistical techniques. Three new definitions ofatiity and covolatility spillovers were given,
and the different models used in empirical applicet were evaluated in terms of the new
definitions and other criteria.

In an area as important as examining volatility aodolatility spillovers between the energy and
agricultural markets, greater care and attentioedeseto be placed on the mathematical and
statistical properties of the estimated univaratd especially multivariate conditional volatility

models.
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Table 1A

Summary of Literatureon Volatility Between Energy and Agricultural Markets
using BEKK and DCC

Energy Agricultural | Sample
Author (s) Journals Countries commodities | commodities | periods Prices
Corn,
rapeseed,
soybeans,
Ethanol, soybean oill,
Energy USA, crude oail, sugar,
Algieri (2014) | Policy France biodiesel wheat 2005-2013 Futures
Ethanol,
Du and gasoline,
McPhail Energy light crude 2005.3.25-
(2012) Journal USA oil Corn 2011.3.25 | Futures
Gardebroek
and
Hemandez Energy Crude all,
(2013) Economics | USA ethanol Corn 1997-201l Spot
Mensi, Barley,
Hammoudeh, Oill, corn,
Nguyen and | Energy USA, gasoline, sorghum,
Yoon (2014) | Economics | EU heating oil | wheat 2000-2013 Spot
Energy International,| Crude oil, 2000.7-
Serra (2011) | Economics | Brazil ethanol Sugar 2009.11 Spot
European
Review of
Serra and Gil | Agricultural 1990.1-
(2013) Economics | USA Ethanol Corn 2010.12 Nominal
European
Serra, Review of
Zilberman Agricultural | USA, Crude oil, 2000.7-
and Gil (2011)| Economics | Brazil ethanol Sugar 2008.2 Spot
Journal of
Truijillo- Agricultural
Barrera , and
Mallory and | Resource Crude aill,
Garcia (2012) | Economics | USA ethanol Corn 2006-2011 Futures
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Journal of

Wu, Guan and Futures Spot,
Myers (2011) | Markets USA Crude oil Corn 1992-200%utures
Wu and Li Energy Crude all, Spot,
(2013) Policy China fuel ethanol | Corn 2003-2012index
Zhang, Lohr,

Escalante and Ethanol,

Wetzstein gasoline, Corn, 1989.3-

(2009) Energies USA oil soybean 2007.12 Spot
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Table 1B

Summary of Literatureon Volatility Between Energy and Agricultural Markets
using BEKK and DCC

Software
Data Data packages Multivariate | Univariate
Author (s) frequency | sources used Models models Spillovers
Algieri Diagonal GARCH, | Patrtial
(2014) Daily Bloomberg | Unstated | BEKK EGARCH | covolatility
CME (corn,
ethanol,
gasoline,
light crude
Du and oil),
McPhail NYMEX Partial
(2012) Daily (gasoline) Unstated Scalar DCC  GARCH covolatility
Full
volatility,
Gardebroek EIA (oil), Full
and CBOT covolatility,
Hemandez (ethanol), Full BEKK, Partial
(2013) Weekly | FAO (corn) | Unstated scalar DCC | GARCH | covolatility
Full
volatility,
Mensi, EIA Full
Hammoudeh, (energy), covolatility,
Nguyen and IGC Full BEKK, Partial
Yoon (2014) | Daily (cereal) Unstated scalar DCC | GARCH | covolatility
Full
volatility,
CEPEA Full
(ethanol, Semi- covolatility,
sugar), EIA parametric | Partial
Serra (2011) | Weekly | (crude oil) Unstated Full BEKK | GARCH covolatility
Full
Nebraska volatility,
Government Full
(ethanol), covolatility,
Serra and Gill NASS Partial
(2013) Monthly | (corn) Unstated Full BEKK | GARCH | covolatility
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Center for

Advanced
Studies on Full
Applied volatility,
Serra, Economics Full
Zilberman (ethanol, covolatility,
and Gil sugar), EIA | WINRATS Partial
(2011) Weekly | (crude oil) | (v. 6.30) Full BEKK | GARCH | covolatility
Full
Trujillo- NYMEX volatility,
Barrera , (WTI), Full
Mallory and CBOT covolatility,
Garcia (ethanol, Threshold | Partial
(2012) Weekly | corn) Unstated Full BEKK | GARCH covolatility
USDA
(corn cash), Full
CBOT volatility,
(corn Full
Wu, Guan futures), covolatility,
and Myers NYMEX Threshold | Partial
(2011) Weekly | (crude oil) Unstated Full BEKK | GARCH covolatility
Full
volatility,
National Full
Bureau of covolatility,
Wu and Li Statistics of Partial
(2013) Weekly | China Unstated Full BEKK EGARCH covolatility
Ethanol &
Biodiesel
News
(ethanol), Full
EIA volatility,
Zhang, Lohr, (gasoline, Full
Escalante an oil,), USDA covolatility,
Wetzstein (corn, Partial
(2009) Weekly | soybean) Unstated Full BEKK| GARCH | covolatility
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Table1C

Summary of Literature on Volatility Between Energy and Agricultural Markets

using BEKK and DCC

Analytical Statistical Purported Purported
properties | properties hypothesis significance | Overall
Author (s) of models of models testing of estimates | Assessment
Ljung-Box Q,
Not Not normality,
Algieri (2014) | addressed | addressed long memory Yes Questionable
Du and
McPhail Not Not Unit root,
(2012) addressed | addressed cointegration Yes Questionable
Gardebroek
and Hemandeza+f < 1 Not Ljung-Box Q,
(2013) for GARCH | addressed unit root Yes Questionable
Mensi,
Hammoudeh, Normality,
Nguyen and | Not Not unit root,
Yoon (2014) | addressed | addressed causality Yes Questionable
Not Not Unit root,
Serra (2011) | addressed | addressed cointegration Yes Questionable
Serra and Gil | Not Not
(2013) addressed | addressed None Yes Questionabl
Serra,
Zilberman Not Not Unit root,
and Gil (2011)| addressed | addressed cointegration Yes Questionable
Trujillo-
Barrera ,
Mallory and Not Not Unit root,
Garcia (2012) | addressed | addressed cointegration Yes Questionable
Normality,
Wu, Guan and| Not Not unit root,
Myers (2011) | addressed | addressed cointegration Yes Questionable
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Incorrect

discussion
of leverage Normality,
Wu and Li effect for Not unit root,
(2013) EGARCH addressed causality Yes Questionable
Zhang, Lohr,
Escalante and Unit root,
Wetzstein Not Not cointegration,
(2009) addressed | addressed causality Yes Questionable
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