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How far do shocks move across borders?
Examining volatility transmission in major agricultural

futures markets

Hernandez, M.A., Ibarra, R. and Trupkin, D.R.

Abstract

This paper examines the dynamics of volatility asmmajor global exchanges for corn, wheat,
and soybeans in the United States, Europe, and. A8ia follow a multivariate GARCH
approach and account for the potential bias thatyrasise when considering exchanges with
different closing times. The results indicate thgticultural markets are highly interrelated and
there are both own- and cross-volatility spilloveasid dependence among most of the
exchanges. Chicago particularly plays a major rateterms of spillover effects over other
markets. Additionally, the level of interdependebetveen exchanges has only increased in
recent years for some commodities.

Keywords: Volatility transmission, agricultural comodities, futures markets, Multivariate
GARCH

JEL classification: Q11, G15, C32

1. INTRODUCTION

In recent years, we have been witness to dranratieases in both the level and volatility
(fluctuations) of international agricultural pricéSilbert, 2010). This has raised concern about
unexpected price spikes as a major threat to feodrity, especially in less developed countries
where food makes up a high proportion of housebpkhding. The unprecedented price spikes
in agricultural commodities during the 2007-200&docrisis, coupled with shortages and
diminishing agricultural stocks, resulted in rediieecess to food for millions of poor people in
a large number of low income, net food-importingiewies. The recent escalation of several
agricultural prices (particularly corn and wheates) and the prevailing high price volatility
have reinforced global fears concerning volatiledf@rices. Attention has now turned to further
examining food price volatility in global markets.

It is fairly well established that traders in exaba markets, including hedgers and
speculators, base their decisions on informationegged domestically, as well as on
information from other markets (Koutmos and Booi§95). In the case of agricultural
exchanges, the important development of futureketsiin recent decades, combined with the
major informational role played by futures pricasave contributed to the increasing
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interdependence of global agricultural markeldentifying the ways in which international
futures markets interact is consequently crucialpimperly understanding price volatility in
agricultural commodity markets. Moreover, potentiegulatory arrangements of agricultural
futures markets, which are still being debated iwithe European Union (EU), United States,
and The Group of Twenty (G-20), can be properlylatad when linkages and interactions
across exchanges are taken into account. The igffeess of any proposed regulatory
mechanism will depend on the level and forms adriilation between markets. Moreover, the
issue of interdependence and volatility transmissioross international markets is of interest
for international traders, investors and portfohanagers, allowing them to carry out hedging
and trading strategies more successfully.

This study evaluates the level of interdependemuk \@latility transmission in major
agricultural exchanges between the United StatbécéGo, Kansas), Europe (France, United
Kingdom), and Asia (China, Japan). In particulake wxamine the dynamics and cross-
dynamics of volatility across futures markets foree key agricultural commodities: corn,
wheat, and soybeans. The period of analysis is-2009 for corn and soybeans and 2005-2009
for wheat. We follow a multivariate GARCH (hereaftdGARCH) approach that allows us to
evaluate whether there is volatility transmissioroas exchanges, the magnitude and source of
interdependence (direct or indirect) between marlatd ultimately how a shock or innovation
in a market affects volatility in other markets.particular, we estimate two MGARCH models:
T-BEKK and DCC model$.The BEKK model is suitable to characterize vaiigtilransmission
across exchanges since it is flexible enough towtcfor own- and cross-volatility spillovers
and persistence between markets. The DCC modeltuin, evaluates the degree of
interdependence between markets, measured throdghaanic conditional correlation matrix,
allowing us to examine if the degree of interdeeme has changed across time.

The paper contributes to the literature in sevasgects. First, it provides an in-depth
analysis of volatility transmission across sevamgbortant exchanges of different agricultural
commodities. Most of the previous research inclgd®priggs et al. (1982), Gilmour and
Fawcett (1987), Goodwin and Schroeder (1991) anchavity et al. (2005) have either
examined price volatility of agricultural commod#i under a univariate approach or have
focused on the interdependence and interactiorgiédtural futures markets in terms of the
conditional first moment of the distribution of uets® We explore futures markets interactions

1 As a reference, the average daily volume of caerrés traded in the Chicago Board of Trade (CBOT) has
increased by more than 250% in the last 25 years\(@mlity Research Bureau, Futures database).

2 The BEKK model stands for Engle and Kroner (198%)ltivariate model; the acronym BEKK comes from
synthesized work on multivariate models by Baba,|&nl§raft, and Kroner, while T indicates that weeus T-
student density in the estimations (for reasonswiilbbecome clear later). The DCC model is Englé02) Dynamic
Conditional Correlation model.

® Two exceptions are Yang et al. (2003) and von badend Schmitz (2009). The former examine votgtili
transmission in wheat between the United Statesaaand Europe using a BEKK model, but do not adcfaun
the asynchrony of returns; the latter examine ildjatransmission in corn between the United Stateurope and
Brazil using a restrictive specification.
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in terms of the conditional second moment under wtivariate approach. This approach
provides better insight into the dynamic price tielaship of international markets by
incorporating volatility spillover$.Inferences concerning the magnitude and persistehthe
shocks, which originate in one market and thenstranto the other markets, are shown to
depend importantly on how we model the cross-matigaamics in the conditional volatilities
of the corresponding markets (Gallagher and Twor®98). In addition, with a multivariate
model we can capture the feedback interrelatiossaipong the volatilities across markets; this
is important since it is widely accepted that ficahvolatilities move together over time across
markets.

Second, and contrary to previous related studiesaecount for the potential bias that
may arise when considering agricultural exchangeth wiifferent closing times. We
synchronize our data by exploiting information fronarkets that are open to derive estimates
for prices when markets are closed. Third, our darperiod allows us to examine whether
there have been changes in the dynamics of vojatilie to the recent food price crisis of 2007-
2008; a period of special interest with unpreceenprice variations. Finally, we apply
different MGARCH specifications to analyze in détthe cross-market dynamics in the
conditional volatilities of the exchanges.

The estimation results indicate that there is anstrcorrelation between international
markets. We find both own- and cross-volatilityllspiers and dependence between most of the
exchanges considered in the analysis. There isalsigher interaction between Chicago and
both Europe and Asia compared to Europe and Asia.r&sults further indicate the major role
of Chicago in terms of spillover effects over thithes markets, particularly for corn and wheat.
In the case of soybeans, both China and Japastatse important cross-volatility spillovers. In
addition, the level of interdependence between axgés for all commodities has not
necessarily shown an upward trend in recent years.

This paper is a shorter version of the study byndedez et al. (2011). The remainder of
the paper is organized as follows. Section 2 pteséie econometric approach used to examine
volatility transmission among major agriculturakcbanges. Sections 3 and 4 describe the data
and how we address the problem of asynchronoumgrdmburs among the markets considered
in the analysis. The estimation results are redogrd discussed in Section 5, while the
concluding remarks are presented in Section 6.

2. METHODOLOGY

To examine interdependence and volatility transimmssacross futures markets of
agricultural commodities, two different MGARCH mdsleare estimated. The estimation of
these models responds to the different questionsvenat to address and serves to better

4 Our study is more in line with Karolyi (1995), Kmoos and Booth (1995), and Worthington and Higg©430who
examine volatility transmission in stock marketsngsmultivariate models.
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evaluate the cross-market dynamics in the conditiomlatilities of the exchanges using
different specifications.

Following Bauwens et al. (2006), we can distingutBhee non-mutually exclusive
approaches for constructing MGARCH models: i) dirgeneralizations of the univariate
GARCH model (e.g. diagonal and BEKK models, faagtwdels), ii) linear combinations of
univariate GARCH models (e.g. O-GARCH), and iii)ntinear combinations of univariate
GARCH models (e.g. CCC and DCC models, copula-GAR@}delsy. Given the objective of
our study, we apply the first and the third apploscthe analysis. In particular, we estimate the
T-BEKK and DCC models.

The crucial aspect in MGARCH modeling is to providerealistic but parsimonious
specification of the conditional variance matrirsering that it is positive definite. There is a
dilemma between flexibility and parsimony. BEKK naebsl for example, are flexible but
require too many parameters for more than fouesebiagonal BEKK models are much more
parsimonious but very restrictive for the crossalyits; they are not suitable if volatility
transmission is the sole object of the study. CC&@iets allow us to separately specify the
individual conditional variances and the conditioo@relation matrix of the series, but assume
constant conditional correlations. DCC models allawturn, for both a dynamic conditional
correlation matrix and different persistence betweariances and covariances, but impose
common persistence in the covariances.

The MGARCH models employed in this paper canndirdjisish between idiosyncratic
and aggregate shocks. To identify aggregate shidcksuld be necessary to estimate a factor
GARCH model that captures the commonality in vtitatclustering across different random
variables. However, these models are intended dtyse the conditional volatilities for a large
number of series, which makes them less suitabléhi® study.

Consider the following model,

yt =/'It(6)+€t’ gtllt—IN(O'Ht)’ (1)

where {y,} is anNx1 vector stochastic process of returns, with Nneihe number of
exchanges considered for each of the three agrralicommodities to be studied (corn, wheat
and soybeans)y] is a finite vector of parameterg, () is the conditional mean vector, asd

is a vector of forecast errors for the best ling&dictor of y, conditional on past information
denoted byl,_, . The conditional mean vectqy, (6) can be specified as a vector of constants

plus a function of past information, through a VAdpresentation for the level of returns.

® The CCC model is Bollerslev (1990) Constant Conditi@airelation model, while O-GARCH is the orthogonal
MGARCH. Examples of copula-GARCH models include Pa{g300) and Lee and Long (2009).
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In the BEKK model with one time lag, the conditibmariance-covariance matriki, is

defined as
H=CC+A et_1££_1A+ B'H,,B, (2)

where ¢; are elements of aNxN upper triangular matrix of constars the elementsy; of

the NxN matrix A measure the degree of innovation from marketmarkef, and the elements
b”. of theNxN matrix B show the persistence in conditional volatilityvee¢n markets andj.

This specification guarantees, by constructiort, tifia covariance matrices are positive definite.

The conditional variance matrikl, specified in expression (2) allows us to examme i
detail the direction, magnitude and persistenceaddtility transmission across markets. For
instance, based on this specification, we are laéllew to derive impulse-response functions to

illustrate the effects of innovations originatedane market and transmitted to the rest of the
markets under analysis.

In the DCC model, the conditional variance-covazeamatrix H, is defined as

H, = D,R D, 3)
where
D, =diag(hi}>..hy,) (4)
h, =@ +agi,+Aha ®)

i.e., hy, is defined as a GARCH(1,1) specificatiars 1,...,N , and

R = diag(q;,"*)Q diag(q;” (6)
with theNxN symmetric positive-definite matri®Q, = (q;,) given by

Q =@-a-p)Q+au u.,+/MQ., )

and u, =&, /+/h, . Q is theNxN unconditional variance matrix af,, and @ and 3 are

non-negative scalar parameters satisfying  <1. The typical element of the conditional
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correlation matrix R will have the form p,, = Essentially, Q, is an
autoregressive moving average type process thaturesp short-term deviations in the
correlation around its long-run (unconditional) éevlThe normalization in (6) guarantees that

R, is a correlation matrix.

The specification ofH, in expression (3) is appropriate to estimate tegree of

interdependence between markets. A time-dependewlitonal correlation matrix sheds light
on how markets are interrelated both in the lordygort run.

3. DATA

We have daily data on closing prices for futuresti@axts of corn, wheat, and soybeans
traded on different major exchanges across thedwankcluding Chicago (CBOT), Kansas
(KCBT), Dalian-China (DCE), France (MATIF), Unite¢ingdom (LIFFE), Japan (TGE), and
Zhengzhou-China (ZCE). The United States, EU, amih& are major players in global
agricultural markets and trade, while Japan is ppmmporter. The exchanges considered are
basically the leading agricultural futures markietserms of volume traded. China is a special
case, considering that it is both a major globadpcer and consumer of agricultural products;
but at the same time it is a locally oriented aigthly regulated market.

The data was obtained from the futures databagbeofCommodity Research Bureau
(CRB). Table A.1 details the specific exchanges emimodities in our data, as well as their
starting sample period, price quotation, and cabtuait. The final date in our sample is June
30, 2009.

As documented by Protopapadakis and Stoll (198Bg interactions between
international commodity markets may be investigatedts purest form using commodity
futures prices instead of spot prices. Similarlany et al. (2001) indicate that futures prices
may play a better informational role than cash gwiin aggregating market information,
particularly for commodities traded in internatibnzarkets. Garbade and Silver (1983), Crain
and Lee (1996) and Hernandez and Torero (2010) @misaide empirical evidence that spot
prices move toward futures prices in agriculturarkets by examining lead-lag relationships
between them.

Provided that futures contracts with different nniites are traded every day on different
exchanges, the data is compiled using prices fioenniearby contract, as in Crain and Lee
(1996). The nearby contract is generally the migsid contract. It is also widely accepted that
nearby contracts are the most active and that mnéoemation is contained in these contracts
(Booth and Ciner, 1997). In addition, to avoid stgiing prices during the settlement month or
expiration date, the nearby contract considerdadeésone whose delivery period is at least one
month ahead. Due to different holidays across exgds, for example, we only include in the
estimations those days for which we have availatb@mation for all exchanges.
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The analysis consists of separately examining nbairkerdependence and volatility
transmission across three different exchanges gramodity. In the case of corn, we examine
the dynamics and cross-dynamics of volatility betwethe United States (CBOT),
Europe/France (MATIF), and China (Dalian-DCE); faheat, between the United States,
Europe/London (LIFFE), and China (Zhengzhou-ZCE); $oybeans, between the United
States, China (DCE), and Japan (Tokyo-TGHEhe starting date is chosen according to the
exchange with the shortest data period availaldeefh agricultural commodity. Since the
contract units and price quotations vary by maraktprices are standardized to US dollars per
metric ton (MT)’ This allows us to account for the potential impafcthe exchange rate on the
futures returns.

The daily return at time is calculated asy, =109(S,/S_,), where § is the closing

futures price in US dollars at tinteTable 1 presents descriptive statistics of therns series
considered, multiplied by 100, for each of the ¢hagricultural commodities. Sample means,
medians, maximums, minimums, standard deviatioRewsess, kurtosis, the Jarque-Bera
statistic, and the correspondipgvalue are presented. CBOT exhibits, on averagehiphest
return across markets for all agricultural commieditand the highest standard deviation for
corn and wheat.

The distributional properties of the returns appeane non-normal in all the series. As
indicated by thep-value of the Jarque-Bera statistic, we reject rin#t hypothesis that the
returns are well approximated by a normal distrdout The kurtosis in all markets exceeds
three, indicating a leptokurtic distribution. Givémese results, we use a T-student density for
the estimation of the BEKK mod&lThe procedure for parameter estimation involves th
maximization of a likelihood function constructedder the auxiliary assumption of an i.i.d.
distribution for the standardized innovations. Betails on the T-student density estimation for
MGARCH models, see Fiorentini et al. (2003).

Table 1 also presents the sample autocorrelatinatifins for the returns and squared-
returns series up to two lags and the Ljung-Box)(kBatistics up to 6 and 12 lags. The LB
statistics for the raw returns series reject thehypothesis of white noise in some cases, while
the LB statistics for the squared returns rejed thull hypothesis in most cases. The
autocorrelation for the squared daily returns satgyevidence of nonlinear dependency in the
returns series, possibly due to time varying cooid volatility

Figure A.1, in turn, shows the daily returns intea€ the three exchanges considered for
each commodity. The figure indicates time-varyiranditional volatility in the returns. The
figure also provides some evidence of cross-mdriktences across exchanges. These results

® We find very similar results when considering Kansas City Board of Trade (KCBT) instead of CBOT foeah

" The data for exchange rates were obtained frorff¢ieral Reserve Bank of St. Louis.

8 Bollerslev and Wooldridge (1992) show that estimgita MGARCH model using a quasi-maximum likelihood
(QML) method can result in consistent parameteimedes, even though the conditional log-likelihofoehction
assumes normality while the series are skewed aptbKurtic. We also estimated a BEKK model assuming
normality of the innovations and obtained quaktelly similar results. Details are available upoguest.
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motivate the use of MGARCH models to capture thpeddencies in the first and second
moments of the returns within and across exchanges.

Table 1: Summary statistics for daily returns

Statistic Corn Wheat Soybeans

CBOT MATIF DCE CBOT LIFFE ZCE CBOT DCE TGE
Mean 0.042 0.041 0.031 0.035 0.011 0.020 0.039 80.00 -0.010
Median 0.000 0.050 0.004 0.000 -0.025 0.000 0.126 .029D 0.067
Maximum 9.801 8.498 8.627 8.794 6.026 14518 6.445 5.244 10.267
Minimum -8.076 -8.607 -3.353 -9.973 -10.602 -4.609 -10.530 -9.455 -14.985
Std. Dev. 2.117 1.477 0.869 2.372 1.610 1.259 1.892 1.172 2.388
Skewness 0.129 -0.140 2.610 -0.087 -0.235 3.298 4220. -0.776 -0.475
Kurtosis 4.775 7.017 24.597 4.401 5.939 36.146 91.98 10.212 7.125
Jarque-Bera 148.5 748.4 22790.7 80.0 355.5 45829.7 39.32 2788.7 918.5
p-value 0.000 0.000 0.000 0.000 0.000 0.000 0.000 .00 0.000
# observations 1108 1108 1108 963 963 963 1230 1230 1230
Returns correlations
Rho (lag=1) 0.009 0.072* 0.031 -0.021 0.027 -0.100 0.016 0.097* 0.194*
Rho (lag=2) -0.003 -0.040 -0.068 -0.026 0.016 -0.019 -0.006 0.101* 0.088*
Ljung-Box (6) 2.642 15.194*  14.154* 5.893 7.498 B2 9.173 52.793*  57.499*
Ljung-Box (12) 7.510 21.593* 16.212 10.268 21.490*18.595 15.248 54.895*  64.516*
Squared returns correlations
Rho (lag=1) 0.141* 0.100* 0.050 0.208* 0.134* 0.042 0.059* 0.184* 0.349*
Rho (lag=2) 0.070 0.102* 0.075* 0.159* 0.132* -0.004 0.104* 0.146* 0.235*

Ljung-Box (6) 55.936* 66.598* 11.112 124.940* 78.749 2.189 115.250* 130.970* 344.260*

Ljung-Box (12) 85.268* 136.390  11.847 166.510* 1&D*  3.069 221.730*  148.400*

390.390*

Note: The symbol (*) denotes rejection of the rylpothesis at the 5% significance level. Rho isahicorrelation
coefficient. LB stands for the Ljung-Box statistic. CBE€Chicago, MATIF=France-Paris; DCE=China-Dalian;
LIFFE=United Kingdom-London; ZCE=China-Zhengzhou;B3Japan-Tokyo.

4. THEASYNCHRONOUSPROBLEM

Given that the exchanges considered in the andigsis different trading hours, potential
bias may arise from using asynchronous data. Iicpéar, nonsynchronous trading can
introduce spurious lagged spillovers even when ptarlire independent. To address this issue,
we follow Burns et al. (1998) and Engle and Rar{ge09) and compute estimates for the prices
when markets are closed, conditional on informatfoom markets that are open. We
synchronize the data before proceeding to estithatenodels described in the previous section.

Figure 1 illustrates the problem of using asynchtmndata. Consider, for example, that
we want to synchronize the returns of corn futuresrance (MATIF) with the returns in
Chicago (CBOT), which closes later. The synchrahizturn in France can be defined as

Yist =Yt _5f T _5f t (8)
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where y,, is the observed, unsynchronized return in Franteamd ¢ , is the return that we

would have observed from the closing time of Fraaideto the closing time of Chicago at
Following Burns et al. (1998), we estimate the wsesbed component using the linear
projection of the observed unsynchronized returtheninformation set that includes all returns
known at the time of synchronization.

Figure 1. Asynchronous trading hours

Period ) t-1 t ,
) 1

GMT  24:00 24{00 24:00

DCE | !
(local time) 9:00 15100 9:00 15100

Vs > Return DCE

T T

r;td, t-1 ézd,t

(l '1;ItF ) 10:45 18{30 y 10:45 18130
ocal ime
St $ Return MATIF

gzft—l gf,t

CBOT_ 9:30 13115 9:'30 13115
(local time) cu,t
- > Return CBOT

Note: This figure illustrates the problem of asymeious trading hours in Chicago (CBOT), France (MATaRd
China (Dalian-DCE). The figures shows the opening aoding (local) times in each market, the asynobus

observed returns (y), and the unobserved missawidms (f) with respect to the last market to close (CBOT)

First, we express the asynchronous multivariate GAHRnodel as a first order vector
moving average, VMA(1), with a GARCH covariance mat

yt = Vt + M Vt—l’ Vt—l(vt) = HV,t (9)

whereM is the moving average matrix am is the unpredictable component of the returns,

e, Et(yt+1) =Mv,.
Next, we define the unsynchronized returns as Hange in the log of unsynchronized
prices, y, =109(S) —109(S._,) , whereas the synchronized returns are definedeashtange in

the log of synchronized prices), = Iog(ét) —Iog(ét_l). The expected price &tl is also an
unbiased estimator of the synchronized price ptovided that further changes in synchronized
prices are unpredictable, i.dog(ét) = E(log(S.;)|!,) . Thus, the synchronized returns are
given by
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¥ = E(10g(S..)) ~ Ei4(10g(S))
= B (Vi) ~ Ba(¥) +109(S) ~109(S.4)
=My, -Mv +y,
=y, + My,

(10)

Finally, the synchronized vector of returns anadsariance matrix can be estimated as
Yo =(+Mv, Vi (3) =1 +M)H, (I +M) (11)

wherel is theNxN identity matrix andM contains the estimated coefficients of the VMA(1)
model.

We estimateM based on a vector autoregressive approximatiooraér p, VAR(p),
following Galbraith et al. (2002). The estimatost®own to have a lower bias when the roots of
the characteristic equation are sufficiently distérom the unit circle, and it declines
exponentially withp. Since we work with returns data, the choice oh@dest order for the
VAR provides a relatively good approximation\df

In particular,M is estimated as follows. The VMA(1) is represenéedthe following
infinite-order VAR process

Yo =D By tV, (12)
j=1

where the coefficients of the matricBs are given by
B, =M,, B, =-B, M, forj=2,.. (13)

By applying a VAR approximation, we can obtain ¥WelA coefficients from those of
the VAR. We fit the VAR)p) model withp>1 by least squares. From thestimated coefficient

matrices of dimensiomxN of the VAR representatiory, = B,y,_, +...+ B y,_, +V,, we

estimate the moving average coefficient matrix ohehsionNxN by the reIationI\?Il = él
based on (13).
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The results from the synchronized daily returnsfavaly compared with those from the
(unsynchronized) weekly returns to selget For different p values, we compare the
contemporaneous and one-lag correlations (amorftpeges) of the synchronized daily returns
with the correlations obtained when using weeklumes. We find similar results fop=2
throughp=5. For parsimony, we selgot2.

Table A.2 shows the contemporaneous correlatiomsaaxchanges for each commodity.
We report the correlations for asynchronous, weeslyd synchronized returns. In general,
weekly correlations are larger than daily correlasi, and the synchronized returns correlations
are closer to the weekly correlations than the mcissonized returns correlations. For example,
the correlation between CBOT and TGE is 0.127 #olyddata, 0.455 for weekly data and 0.384
when using the synchronized data. These resultgestighat the synchronization method
appears to solve the problem introduced by asymclumtrading. This allows us to fully exploit
all the information contained in our data to analyolatility dynamics across markets in the
short run?

5 RESULTS

This section presents the estimation results ofMI&ARCH specifications applied to
examine volatility transmission in agricultural &anges. We omit presenting the first moment
equation estimation results to save space. Thededm the T-BEKK and DCC models.
Examining volatility as the second moment providegher insight into the dynamic price
relationship between markets.

Table 2 reports the estimated coefficients anddstaherrors of the conditional variance
covariance matrix for the T-BEKK model. This mod#ibws for both own- and cross-volatility

spillovers and own- and cross-volatility dependebeéween markets. Tha, coefficients,
i=1,...,3, quantify own-volatility spillovers (i.¢he effect of lagged own innovations on the
current conditional return volatility in marke}, while the b, coefficients measure own-
volatility persistence (i.e. the dependence ofdiweditional volatility in market on its own past
volatility). Similarly, the off-diagonal coefficigs a; capture the effects of lagged innovations
originating in market on the conditional return volatility in markjein the current period, while
the off-diagonal coefficienth}lj measure the dependence of the conditional vijaitilimarket

on that of market. The Wald tests reported at the bottom of theetabject the null hypothesis

® Weekly returns are used as a measure to correonditional correlation between markets. Such degarelatively
unaffected by the timing of the markets since tbgrde of asynchronicity is much lower (Burns eti98).

10\We also use daily return data, instead of lowegdiency data such as weekly and monthly returrsiuse longer
horizon returns can obscure temporary responsiesideations, which may last for a few days onlyygSiani et al.,
1998).
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that the off-diagonal coefficientsa; and b,

; » are jointly zero at conventional significance

levels.

Table 2: T-BEKK model estimation results

Coefficient Corn Wheat Soybeans
CBOT MATIF DCE CBOT LIFFE ZCE CBOT DCE TGE
(i=1) (=2) (=3) (=1) (=2) (=3) (=1) (=2) (=3)
Cit 0.377 -0.036 0.085 0.040 -0.119 -0.333 -0.001 .11 0.140
(0.107)  (0.163)  (0.542) (0.245) (0.048)  (1.029) O0@pB) (0.421)  (0.525)
Ci> -0.037 -0.070 0.036 0.360 0.430 0.079
(0.083)  (0.860) (0.238)  (0.640) (0.152)  (0.104)
Ca 0.367 0.410 0.229
(0.269) (1.149) (0.305)
an 0.156 -0.018 0.041 0.135 0.043 0.055 0.129 0.198 .07
(0.048) (0.028) (0.035) (0.048) (0.026) (0.042) 0o42) (0.084) (0.079)
ap 0.091 0.204 -0.025 0.081 0.199 -0.125 -0.182 0.232-0.194
(0.067)  (0.030)  (0.041) (0.183) (0.068)  (0.068) O@m) (0.121)  (0.126)
an 0.098 0.065 0.638 -0.072 -0.066 0.526 0.026 -0.0330.206
(0.071)  (0.166)  (0.092) (0.104) (0.108)  (0.086) 0fl)  (0.021)  (0.048)
by 0.971 0.011 0.004 0.995 0.001 0.004 0.918 0.047 .0580
(0.014) (0.009) (0.043) (0.008) (0.003) (0.031) Opm) (0.025) (0.044)
bi -0.003 0.983 0.029 -0.017 0.976 0.037 0.186 0.759 0.088
(0.013) (0.012) (0.023) (0.041) (0.014) (0.033) 062) (0.066) (0.095)
biz 0.009 -0.086 0.608 -0.058 -0.066 -0.398 0.005 ».00 0.979

(0.032) (0.111)  (0.072)  (0.254)  (0.334)  (0.402) 0.007)  (0.009)  (0.013)

Wald joint test for cross-correlation coefficienkf a;=b; 0, O i#])

Chi-sq 31.600 63.060 40.479
p-value 0.002 0.000 0.000
Test for standardized squared residuals (id autocorrelation)

LB(6) 3.944 6.993 0.738 18.210 12.542 0.322 6.566 11®. 2.127
p-value 0.684 0.321 0.994 0.006 0.051 0.999 0.363 00QL. 0.908
LB(12) 4.713 12.102 2.392 24531 16.045 0.617 9.898 0.768 2.806
p-value 0.967 0.438 0.999 0.017 0.189 1.000 0.625 00dL. 0.997
Log likelihood -5,169.3 -4,857.0 -6,696.7
# observations 1,105 960 1,227

Note: CBOT=Chicago; MATIF=France-Paris; DCE=China-DalieiFFE=United Kingdom-London; ZCE=China-
Zhengzhou; TGE=Japan-Tokyo. Standard errors rephartparentheses. LB stands for the Ljung-Box statist

Several patterns emerge from Table 2. First, owatiity spillovers and persistence are
generally large and statistically significant poigt towards the presence of strong GARCH
effects’* Own innovation shocks appear to have a much higfiect in China than in the other
exchanges. This market, however, also exhibitdaWwest volatility persistence; in the case of
Zhengzhou (wheat), it is not statistically sigradnt. This could be explained by the fact that

1 The GARCH effects are very similar to those foundemwlestimating a diagonal T-BEKK model, which does no
allow for cross-volatility spillovers and persisten
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China is a regulated market where own informatibocks could have a relatively important
(short-term) effect on the return volatility, buhgre past volatility does not necessarily explain
current volatility (as in other exchanges) due tarket interventions. Contrary to China,
exchanges in the United States, Europe and Japare delatively more of their volatility
persistence from within the domestic market.

Second, the cross-volatility effects, although d$enah magnitude than the own effects,
indicate that there are spillover effects of infatian shocks and volatility persistence between
the exchanges analyzed. In the case of informatnmcks, past innovations in Chicago have a
larger effect on the current observed volatilityfaropean and Chinese corn and wheat markets
than the converse, which points towards the majler CBOT plays in terms of cross-volatility
spillovers for these commodities. For soybeansyibgor role of Chicago is less clear. There is
a relatively large spillover effect from CBOT to iGh (DCE), but the effect from DCE to
CBOT is also important; Japan similarly shows gdaspillover effect (especially over China).
Yet, in terms of cross-volatility persistence, thés a relatively important dependence of the
observed volatility in the Chinese soybeans maskdhe past volatility in CBOT.

The results with this model differ from those ofrigeet al. (2003) who also use a BEKK
model to examine volatility transmission in wheatvieen the United States (CBOT), Europe
(LIFFE) and Canada for the period 1996-2002. Ttieas find that the U.S. market is affected
by volatility from Europe (and Canada), while ther&pean market is highly exogenous and
little affected by the U.S. and Canadian marketweler, they recognize that the exogeneity
and influence of the European market could be atienated due to the time zone difference of
futures trading between Europe and North America.phécisely find a major role of CBOT in
terms of volatility transmission when controllingrf differences in trading hours across
exchanges.

Despite the increase in the production of corn-thathanol in recent years as well as the
many regulations and trade policies governing agitical products (like temporary export taxes
and import bans), it is interesting that CBOT slihs a leading role over other futures
exchanges, including China's closed, highly regalatmarket. This result confirms the
importance of Chicago in global agricultural maskethe fact that China has spillover effects
over other exchanges (at least in soybeans) igaisarkable, and is probably because China is
both a major global producer and consumer of aljui@al products. Thus, any exogenous shock
in this market may also affect the decision-malpgngcess in other international markets.

Our results support the “meteor shower hypothesfi€Engle et al. (1990). According to
this theory, foreign market news follow a proceke b meteor shower hitting the earth as it
revolves. The impact of this process is manifegteithe form of volatility spillovers from one
market to the next. This is in contrast to the ralh&ve “heat waves hypothesis”, where
volatility has only country-specific autocorrelaticuch that a volatile day in one market is
likely to be followed by another volatile day iretkame market, but not typically a volatile day
in other markets.

Page 13 of 27



Dublin — 12% EAAE Seminar

Price Volatility and Farm Income Stabilisation
Modelling Outcomes and Assessing Market and P&8lased Responses

Figure 2 and Table A.3 present the estimation tedal the DCC model. Even though
this model does not allow us to identify the souofevolatility transmission, it helps us to
address whether there is interaction among markass, well as the magnitude of
interdependence across time. The results indibatentarkets are generally interrelated. Figure

2 shows both the estimated dynamic conditionaletations (o, . ) and the constant conditional

ij .t
correlations (with confidence band$)he results show that the interaction betweerithi¢ed
States (CBOT) and the rest of the markets (Eurapk Asia) is higher compared with the
interaction within the latter. In particular, thetéraction between CBOT and the European
markets is the highest among the exchanges for aminwheat. We also observe that China's
wheat market is barely connected with the otherketar while in the case of soybeans China
has a higher association with CBOT than Japan,lasinid the findings with the T-BEKK
model.

In terms of variation across time, in corn we ofsdnigh variability in the correlation
between CBOT and MATIF (ranging from 0.20 to 0.55ith peak values after the 2007-2008
crisis. It is also clear that the three estimatedddional correlations among corn exchanges
have shown an upward trend in recent years. The dagh variability and upward trend is
observed in wheat when looking at the dynamichiefconditional correlation between Chicago
and Europe (LIFFE). The other two correlations aghevheat exchanges (CBOT-ZCE and
LIFFE-ZCE), in contrast, do not show an upward dreamlthough they (moderately) increased
during the recent crisis. For soybeans, the thygeamic conditional correlations are rather
constant, coinciding with the correlations estirdatgth a CCC modef

The results for soybeans are also deduced fronegtimated values of botlr and
reported in Table A.3, which are close to zerothis commodity. In particular, parameters
and £ can be interpreted as the “news” and “decay” patars. These values show the effect
of innovations on the conditional correlations otiere and their persistence. As in soybeans,
the estimated “news” parameters for corn and waeatlso small¢ <0.01); only for corna
is significant at the 5% level. However, the estida parameters for these two commodities
show a slow “decay” [£>0.98) and are statistically significant, contrary the case of
soybeans.

2 The constant conditional correlations and theiresponding confidence bands (of one standard tienjaresult
from the estimation of a CCC model.

13 As shown in equation (5), the individual conditidm/arianceshiit in the DCC model follow a GARCH(1,1)

process. We have also estimated the DCC model asguimn the conditional variances follow an exporant
GARCH (EGARCH) model introduced by Nelson (1991).sTgpecification allows for asymmetric effects betwe
positive and negative shocks. The correlation padtétrends) observed are qualitatively similaroto baseline
results. In addition, we only find two markets whehe parameter associated with the asymmetricteiffiethe
EGARCH model is statistically significant at the centional levels (Chicago for corn and China (ZCE)vitweat);
in the other seven markets we do not observe diffeated effects between positive and negative kshothe
estimation results are available upon request.
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Figure 2. Dynamic conditional correlations (DCC rabd
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Note: CBOT=Chicago; MATIF=France-Paris; DCE=China-Daliai-FE=United Kingdom-London; ZCE=China-
Zhengzhou; TGE=Japan-Tokyo. The dashed line ie#tienated constant conditional correlation (witmfadence
bands of one standard deviation).

It is worth noting that the residual diagnostidistas, reported at the bottom of Tables 2
and A.3, generally support adequacy of the modetifipations considered. In particular, the
Ljung-Box (LB) statistics, up to 6 and 12 lags, whdan most cases no evidence of
autocorrelation in the standardized squared relsidiidhe estimated models at a 5% level.

Considering that markets in China are highly regaaand locally oriented), we also
evaluate the robustness of our findings when exatuthe corresponding Chinese exchanges
(Dalian and Zhengzhou). In the case of corn, wéh bestrict the analysis to Chicago and
MATIF and consider Japan (TGE) instead of Daliaw; wheat and soybeans, we just restrict
the analysis to Chicago and LIFFE and Chicago d@BH.TThe estimation results are reported in
Hernandez et al. (2011). Overall, the results arali@gtively similar to our base results,
suggesting that our findings are not sensitivehm itclusion or exclusion of China. We still
observe a high correlation between exchangescphatly between Chicago and both Europe
and Japan, as well as higher spillover effects filohicago to the other markets than the
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converse. Similarly, only corn and wheat exchangesibit an increasing level of
interdependence in recent years.

5.1. Volatility transmission across time

Next, we examine whether the dynamics of volatilitgtween futures markets has
changed across time, particularly after the reémod price crisis of 2007-2008. To divide our
working sample into a period pre-crisis and a pknmst-crisis, we apply the test for the
presence of structural breaks proposed by Lavesig Moulines (2000). Compared to other
tests for structural breaks, the test developed.dyelle and Moulines is more suitable for
strongly dependent processes such as GARCH prac@&3agasco and Chen, 2002).

Similar to Benavides and Capistran (2009), we apbpéy test over the square of the
synchronized returns, as a proxy for volatilitybleaA.4 reports the break dates identified for
each of the series of interésMost of the breaks are during the first semest&008, period
where the food crisis was felt most severely. Bazedhese break dates, we then divide the
whole sample for each commodity into two differeabsamples as follows: September 23rd
2004 until February 26th 2008 and June 30th 20a8 dume 30th 2009 for corn; May 10th
2005 until June 22nd 2007 and November 5th 2008 durie 30th 2009 for wheat; and January
5th 2004 until February 26th 2008 and August 1882ntil June 30th 2009 for soybeans.

Tables A.5 and A.6 present the estimation resdlthe T-BEKK model for the periods
pre- and post-crisis, based on the structural Isredkntified above for each commodity.
Overall, the pattern of own- and cross-volatiligpndmics among the futures markets analyzed
does not appear to have changed considerably wimapazing the period before the food price
crisis with the period after the crisis. Similar tloe full-sample estimations, we generally
observe large and statistically significant ownatibity spillovers and persistence suggesting
the presence of strong GARCH effects. The only irigmt variation when comparing the two
periods is the much stronger own-volatility peesiste exhibited by wheat exchanges after the
crisis.

The cross-volatility effects, in turn, are jointbatistically significant in both periods,
supporting the presence of cross spillovers ofwation shocks and cross-volatility persistence
between the exchanges. In general, the magnituiddwe across effects are relatively smaller
than the own effects in most markets, similar to base results. The Wald tests, however,
further indicate that the cross effects are remaykstronger for corn and weaker for wheat in
the period post-crisis, relative to the period grigis; for soybeans, the degree of transmission
does not appear to have changed between periodspattern closely resembles the dynamic
conditional correlations across markets estimatéad e DCC model for each commodity (see

14 The test of Lavielle and Moulines searches fortipiel breaks over a maximum number of pre-definessible
segments, and uses a minimum penalized contrédntify the number of breaking points. We allowedtwo and
three segments as the maximum number of segmedtS@ras the minimum length of each segment, olotgini
similar results.
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Figure 2). The results also confirm the leadingeraf Chicago in terms of volatility
transmission over the other markets in recent years

5.2. Impulse-response analysis

In this subsection, we perform an impulse-respamsdysis to approximate the simulated
response of exchanges, in terms of their conditiomdatility, to innovations separately
originating in each market. This exercise is basedhe estimation results of the T-BEKK
model and provides a clearer picture about vaatipillovers across exchanges.

Impulse-response functions are derived by iteraiogeach elemenh, resulting from

expression (2), the response to a 1%-innovatiadhénown conditional volatility of the market
where the innovation first occurs. The responsesiarmalized by the size of the original shock
to account for differences in the initial conditadvolatilities across exchanges.

Figure 3 presents the impulse-response functionthéthree commodities as a result of
innovations originated in each of the markets arealy For corn and soybeans, the plots show
the impulse-response coefficients up to 100 dater d@ffie initial shock. For wheat, the plots
show the responses up to 200 days, given the highistence observed in these markets
(especially from responses to innovations arisinGhicago).

Consistent with the results shown above, the inggrdsponse functions confirm that
there are important cross-volatility spillovers @ss markets and that Chicago plays a leading
role in that respect, particularly for corn and ahé he case of soybeans is interesting since a
shock originated in CBOT, equivalent to 1% of itgnoconditional volatility, results in a higher
(almost double) initial increase in China's ownditonal volatility. Yet, a shock in China also
has an important (although minor) effect on Chicaghile an innovation in Japan has a
comparable effect on China. Another interestinggoatthat emerges from the figure is the lack
of persistence in the impulse-response functiorrsesponding to the Chinese markets: the
adjustment process is very fast after an own agciionovation. This is consistent with the fact
that these markets are regulated, which providekdtusupport to the robustness of our results.

6. CONCLUDING REMARKS

This paper has examined the dynamics and crosgwgseof volatility across major
agricultural exchanges in the United States, Eyraped Asia. We focus on three key
agricultural commodities: corn, wheat, and soybe®fes analyze futures markets interactions in
terms of the conditional second moment under a ivauiate GARCH approach, which
provides better insight into the dynamic interielatbetween markets. We further account for
the potential bias that may arise when consideagricultural exchanges with different closing
times.

The estimation results indicate that the agricaltumarkets analyzed are highly
interrelated. There are both own- and cross-valagbillovers and dependence between most
of the exchanges. We also find a higher interactietween the United States (Chicago) and
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both Europe and Asia compared to Europe and Asidh&more, Chicago plays a major role in
terms of spillover effects over the other markespecially for corn and wheat. China and Japan
also show important cross-volatility spillovers fepybeans. Additionally, the degree of
interdependence across exchanges has not negessariéased in recent years for all
commodities.

Figure 3. Impulse-response functions (T-BEKK model)
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Note: The responses are the result of a 1%-innmvdti the own conditional volatility of the markethere the
innovation first occurs. The responses are normdliby the size of the original shock. CBOT=Chicago;
MATIF=France-Paris; DCE=China-Dalian; LIFFE=Unitedn§dom-London; ZCE=China-Zhengzhou; TGE=Japan-
Tokyo.

The leading role of Chicago over other internatiormarkets is interesting despite
specific regulations and trade policies governiggicalltural products, especially in closed,
highly regulated markets like China. This resultfaons the importance of the United States in
global agricultural markets. The fact that China Isaillover effects over other exchanges is
similarly remarkable. The results further suggest there has not been any decoupling of the
U.S. corn market from other markets after the ethboom of 2006.

Besides providing an in-depth analysis on futuresrkets' interrelations, this study
intends to contribute to the ongoing debate onrradtére measures to address excessive price
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volatility in agricultural markets, which includéd potential regulation of futures exchanges.
The results obtained suggest that if futures marleee eventually regulated, any potential
regulatory scheme on these markets should be cwtedi across exchanges; for example,
through a global independent unit. Any local retpia mechanism will have limited effects
given that the exchanges are highly interrelated thiere are important volatility spillovers
across markets.

To conclude, it is important to stress that thelyamig above has focused on the volatility
dynamics across markets in the short-run. Futigeareh could examine long-term dynamics in
volatility transmission across exchanges, whichladoprovide further insights about the
mechanisms governing the interdependencies betagsaoultural markets and help in any
policy design.
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APPENDI X

Table A.1: Data

Corn
Exchange Product, Symbol Starting Date  Price Qiosta Contract Unit
CBOT Corn No.2 yellow, C 01/03/1994 Cents/bushel 5/hels
MATIF Corn, MC 05/09/2003 Euros/tonne 50 tonnes
DCE Corn, XV 09/22/2004 Yuan/MT 10 MT
TGE Corn No.3, CV 08/16/1994 Yen/MT 50 MT
Wheat
Exchange Product, Symbol Starting Date  Price Qiosta Contract Unit
CBOT Wheat No.2 soft, W 01/03/1994 Cents/bushel 5chels
LIFFE Wheat EC, FW 08/06/1991 Pounds/tonne 100 ®nne
ZCE Winter Wheat, WR 05/09/2005 Yuan/MT 10 MT
Soybeans
Exchange Product, Symbol Starting Date  Price Qiosta Contract Unit
CBOT Soybeans No.1 yellow, S 01/03/1994 Cents/bushel ,000%ushels
DCE Soybeans No.1, XT 01/02/2004 Yuan/MT 10 MT
TGE Soybeans, GT 05/18/2000 Yen/MT 10 MT

Note: CBOT=Chicago; MATIF=France-Paris; DCE=China-DaglialIFFE=United Kingdom-London; ZCE=China-
Zhengzhou; TGE=Japan-Tokyo. Units of measure: 5@hels of corn=127 MT (metric ton); 5,000 bushals
wheat (soybeans)=136 MT; 1000kg=1 MT; 1 tonne=1 MT.

Table A.2: Correlations for asynchronous, synchrediand weekly returns

Corn
Exchange Asynchronous Weekly Synchronized
CBOT MATIF DCE CBOT MATIF DCE CBOT MATIF DCE
CBOT 1.000 0.359 0.168 1.000 0.421 0.212 1.000 0.4440.255
MATIF 1.000 0.166 1.000 0.251 1.000 0.184
DCE 1.000 1.000 1.000
Wheat
Exchange Asynchronous Weekly Synchronized
CBOT LIFFE ZCE CBOT LIFFE ZCE CBOT LIFFE ZCE
CBOT 1.000 0.451 0.075 1.000 0.569 0.081 1.000 0.5370.093
LIFFE 1.000 0.073 1.000 0.059 1.000 0.101
ZCE 1.000 1.000 1.000
Soybeans
Exchange Asynchronous Weekly Synchronized
CBOT DCE TGE CBOT DCE TGE CBOT DCE TGE
CBOT 1.000 0.228 0.127 1.000 0.500 0.455 1.000 0.5650.384
DCE 1.000 0.258 1.000 0.349 1.000 0.248
TGE 1.000 1.000 1.000

Note: The correlations reported are the Pearsorelations. CBOT=Chicago; MATIF=France-Paris; DCE=China
Dalian; LIFFE=United Kingdom-London; ZCE=China-Zhehgu; TGE=Japan-Tokyo.
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Table A.3: DCC model estimation results

Coefficient Corn Wheat Soybeans
CBOT MATIF DCE CBOT LIFFE ZCE CBOT DCE TGE
(i=1) (=2) (=3) (=1) (=2) (=3) (=1) (=2) (=3)
W 0.636 0.027 0.183 0.355 0.046 0.972 0.037 0.303 400.4
(0.578)  (0.017)  (0.051) (0.216) (0.031)  (0.246) 01®) (0.106) (0.771)
a; 0.126 0.127 0.620 0.100 0.146 0.265 0.056 0.166 870.0
(0.062) (0.051)  (0.210)  (0.027) (0.047)  (0.108) 04M) (0.048) (0.083)
B 0.740 0.873 0.372 0.833 0.851 0.000 0.933 0.646 530.8
(0.175) (0.045) (0.082) (0.060) (0.047) (0.095) (0.013)  (0.079) (0.186)
a 0.006 0.010 0.000
(0.003) (0.009) (0.013)
B 0.989 0.982 0.000
(0.007) (0.021) (2.155)
Test for standardized squared residuals fid autocorrelation)
LB(6) 3.555 1.892 1.464 4.488 6.485 0.294 3.748 .26 1.273
p-value 0.737 0.929 0.962 0.611 0.371 1.000 0.711 o00dL. 0.973
LB(12) 4.270 6.244 3.287 9.542 13.893 0.652 7.170 85®. 1.912
p-value 0.978 0.903 0.993 0.656 0.308 1.000 .84 1.000 1.000
Log likelihood -5,454.3 -5,144.3 -6,911.6
# observations 1,105 960 1,227

Note: CBOT=Chicago; MATIF=France-Paris; DCE=China-DalieiFFE=United Kingdom-London; ZCE=China-
Zhengzhou; TGE=Japan-Tokyo. Standard errors reppartparentheses. LB stands for the Ljung-Box statist

Table A.4: Estimated break dates

Corn Wheat Soybeans
Exchange Break Date Exchange Break Date Exchange Bratak
CBOT 06/27/2008 (last) CBOT 02/22/2008 CBOT 02/27/2008t)f
MATIF 06/05/2008 LIFFE 06/25/2007 (first) DCE 07/2008 (last)
DCE 02/27/2008 (first) ZCE 11/04/2008 (last) TGE ®72D08

Note: CBOT=Chicago; MATIF=France-Paris; DCE=China-Daliai-FE=United Kingdom-London; ZCE=China-
Zhengzhou; TGE=Japan-Tokyo. The estimated brea&sdate based on Lavielle and Moulines (2000) test f
structural breaks.
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Table A.5: T-BEKK model estimation results, befthie food crisis

Coefficient Corn Wheat Soybeans
CBOT MATIF DCE CBOT LIFFE ZCE CBOT DCE TGE
(i=1) (=2) (=3) (=1) (=2) (=3) (=1) (=2) (=3)
Cit 0.735 0.170 0.294 0.343 -0.052 -0.615 0.160 -0.194 0.932
(0.254) (0.094) (0.098) (0.283) (0.141) (0.200) 14@&) (0.473) (1.298)
C -0.001 -0.003 0.119 0.066 0.303 0.667
(0.040) (0.014) (0.100) (1.063) (0.619) (1.362)
Ci 0.000 0.052 -0.001
(0.033) (1.342) (0.061)
ay -0.216 -0.036 -0.058 -0.044 -0.023 0.060 0.033 6®.2 -0.124
(0.057) (0.053) (0.066) (0.092) (0.045) (0.042) oOfm) (0.182) (0.117)
ap -0.149 0.099 -0.079 0.063 0.245 0.003 0.028 -0.171 0.045
(0.152) (0.051) (0.040) (0.255)  (0.092) (0.108) 2@g1) (0.182) (0.282)
as -0.101 0.089 0.546 -0.076 -0.114 0.575 0.090 0.005 0.468
(0.155) (0.099) (0.251) (0.200) (0.068) (0.114) 14@) (0.055) (0.144)
biy 0.864 -0.052 -0.057 -0.473 0.363 -0.032 0.922 ®.02 -0.002
(0.030) (0.020) (0.020) (0.485) (0.230) (0.042) 089) (0.126) (0.179)
bi> 0.095 1.005 0.020 1.819 0.520 0.110 0.220 0.852 2030.
(0.071) (0.010) (0.017) (0.225)  (0.509) (0.059) 1m) (0.376) (0.280)
b 0.254 -0.061 0.792 0.522 -0.087 -0.032 -0.051 0®.0 0.729
(0.140) (0.066) (0.159) (0.307) (0.097) (0.190) 0.143) (0.052) (0.163)
Wald joint test for cross-correlation coefficienkf a;=b; 0, O i#)
Chi-sq 70.535 278.888 133.794
p-value 0.000 0.000 0.000
Test for standardized squared residualg fid autocorrelation)
LB(6) 1.540 5.987 1.667 3.735 5.051 0.794 2.242 »35 1.229
p-value 0.957 0.425 0.948 0.712 0.537 0.992 0.896 999D. 0.976
LB(12) 1.810 8.182 2.612 9.019 11.013 2.432 5.671 284. 2.483
p-value 1.000 0.771 0.998 0.701 0.528 0.998 0.932 000QL. 0.998
Log likelihood -3,475.7 -1,184.4 -4,665.4
# observations 789 491 926

Note: CBOT=Chicago; MATIF=France-Paris; DCE=China-DaliaiFFE=United Kingdom-London; ZCE=China-
Zhengzhou; TGE=Japan-Tokyo. Standard errors repdrteparentheses. LB stands for the Ljung-Box statist
Before the crisis corresponds to 09/23/2004-02/Z@2@or corn, 05/10/2005-06/22/2007 for wheat, and
01/05/2004—-02/26/2008 for soybeans.
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Table A.6: T-BEKK model estimation results, aftee food crisis

Coefficient Corn Wheat Soybeans
CBOT MATIF DCE CBOT LIFFE ZCE CBOT DCE TGE
(i=1) (=2) (=3) (=1) (=2) (=3) (=1) (=2) (=3)
Ci1 0.605 1.121 -0.278 1.325 0.758 0.057 0.960 0.371 0.778
(0.406) (0.345)  (0.080)  (0.608)  (0.510) (0.316) 4{®) (0.173)  (0.500)
Cio -0.085 0.003 0.030 -0.096 0.000 0.000
(0.347)  (0.032) (0.346)  (0.346) (0.000)  (0.000)
Cia 0.000 0.000 (0.000)
(0.095) (0.742) (0.000)
ay 0.225 0.305 -0.091 0.133 0.037 -0.057 -0.210 .01 -0.215
(0.144)  (0.131) (0.052) (0.247) (0.187) (0.091) 18) (0.081) (0.177)
ap -0.098 -0.420 0.100 -0.348 -0.055 0.002 0.342 D.33 0.495
(0.169) (0.160)  (0.054)  (0.217) (0.122)  (0.113) 18§1) (0.133)  (0.169)
ai 0.130 -0.131 0.748 0.226 -0.081 0.483 -0.147 0.15 0.443
(0.212) (0.121)  (0.156)  (0.289)  (0.295)  (0.134) 081) (0.090)  (0.135)
by 0.791 -0.146 -0.086 0.703 -0.165 -0.018 0.796 99.0 0.450
(0.044)  (0.050) (0.020) (0.251) (0.135) (0.127) 21@®) (0.092) (0.159)
bi 0.180 0.924 0.166 0.093 1.038 -0.005 -0.229 0.846 -0.231
(0.098) (0.104) (0.030) (0.227) (0.124) (0.017) 11®) (0.113) (0.234)
bz 0.528 0.455 0.517 0.132 0.197 0.906 0.105 0.101 7610.

(0.240) (0.202)  (0.107)  (0.227)  (0.179)  (0.119) 0.085) (0.033)  (0.092)
Wald joint test for cross-correlation coefficienkf a;=b; 0, O i#)

Chi-sq 341.026 39.221 110.368
p-value 0.000 0.000 0.000
Test for standardized squared residualg fid autocorrelation)

LB(6) 4.150 2.792 4.148 3.050 7.081 4.655 7.079 352 4435
p-value 0.656 0.835 0.657 0.803 0.314 0.589 0.314 019. 0.618
LB(12) 14.804 5.819 7.172 7.800 17.658 12.630 9.45619.936 6.059
p-value 0.252 0.925 0.846 0.801 0.127 0.397 0.664 068D. 0.913
Log likelihood -1,254.9 -289.0 -73.9
# observations 232 147 198

Note: CBOT=Chicago; MATIF=France-Paris; DCE=China-DaliaiFFE=United Kingdom-London; ZCE=China-
Zhengzhou; TGE=Japan-Tokyo. Standard errors rehantparentheses. LB stands for the Ljung-Box statistiter
the crisis corresponds to 06/30/2008—06/30/2009cfn, 11/05/2008-06/30/2009 for wheat, and 08/@132
06/30/2009 for soybeans.
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Figure A.1. Daily returns
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Note: CBOT=Chicago, MATIF=France-Paris; DCE=China-Dglia FFE=United Kingdom-London; ZCE=China-
Zhengzhou; TGE=Japan-Tokyo.
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