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ABSTRACT 

This paper provides a comprehensive analysis of the dynamics of volatility between the corn, wheat, and 

soybean markets in the United States. Volatility interactions across markets, if they exist, may lower the 

effectiveness of diversification strategies to mitigate price risks and should be taken into account when 

analyzing the pricing behavior of different agricultural commodities. We follow a Multivariate 

Generalized Autoregressive Conditional Heteroskedasticity (MGARCH) approach to evaluate the level of 

interdependence and volatility transmission across these major crops on a daily, weekly, and monthly 

basis. The period of analysis is 1998 through 2012. The estimation results indicate lack of cross-market 

dependence between corn, wheat, and soybean price returns at the mean level. We find, however, 

important volatility spillovers across commodities, particularly on a weekly and monthly basis. Wheat, 

and to a lesser extent corn, seems to play a major role in terms of volatility transmission. Additionally, we 

do not observe that agricultural markets have become more interdependent in recent years, despite the 

apparent higher financial market integration of agricultural commodities. 

Keywords: volatility transmission, agricultural commodities, MGARCH 
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1.  INTRODUCTION 

In recent years agricultural commodity prices have taken a roller coaster ride. Three sharp price increases 

were observed in 2007–2008, 2010, and 2011, respectively, all of which caused major unrest on markets 

and in the media and have reinforced the attention of researchers and policymakers to further understand 

the behavior of commodity prices.
1 
One stylized fact of commodity prices that remains puzzling is their 

apparent high degree of co-movement. Although commodity price increases (and fluctuations) often have 

different causes, the prices of various agricultural commodities regularly move together (Gilbert 2010). 

Co-movement of a wide range of commodity prices has been extensively studied in the literature. 

In their seminal paper, Pindyck and Rotemberg (1990) analyzed co-movement of seven raw commodity 

prices and found that after controlling for macroeconomic and market conditions, prices still moved 

together. Pindyck and Rotemberg named this phenomenon as excess co-movement in commodity prices 

and attributed it to herd behavior in financial markets. 

This excess co-movement hypothesis, however, has been challenged by subsequent studies. Deb, 

Trivedi, and Varangis (1996) argue that most results by Pindyck and Rotemberg are due to 

misspecification because heteroskedasticity and structural breaks are neglected. To analyze herd behavior 

in commodity markets, Deb, Trivedi, and Varangis recommend further research using daily prices. 

Cashin, McDermott, and Scott (1999) used concordance analysis to examine commodity price cycles. 

They find strong evidence of co-movement within agricultural and metal commodities but not between 

them. Ai, Chatrath, and Song (2006), in turn, do not find evidence for excess co-movement when 

analyzing five major agricultural crops in the United States. They concluded that fundamental factors are 

more important than macroeconomic factors in explaining price co-movement
.2 

Saadi (2010) provides a review of commodity price co-movement in international markets. He 

discusses several explanations for price co-movements, for example, not only macroeconomic factors 

such as exchange and interest rates but also common supply and demand factors affecting prices of 

agricultural commodities. The latter include co-varying harvest levels (for example, drought hitting corn, 

soybean, and wheat harvests in the United States), joint low stocks, and substitution in supply and 

demand (for example, wheat replacing corn in animal fodder). According to Gilbert (2010), price shocks 

for individual commodities are often supply related, whereas joint price movement can be explained from 

macroeconomic and monetary conditions. Natanelov et al. (2011) use cointegration and Granger causality 

tests to analyze co-movement of crude oil and agricultural commodity futures prices. Although they 

present evidence of agricultural futures prices to co-move with crude oil prices, agricultural and biofuel 

policies also seem to distort these relationships. 

Excess co-movement in commodity prices may be problematic for several reasons. First, it casts 

doubt on the efficiency of commodity markets as long the source of co-movement is beyond fundamental 

factors. Second, it creates difficulties to balance the portfolios of exporting countries and commodity 

traders. In agricultural markets, farmers who grow multiple crops may also be subject to strong income 

fluctuations due to synchronized ups and downs in prices, with important implications for food security. 

In addition, a synchronized increase in several commodity prices may generate inflation pressures in the 

short term on highly dependent commodity-import countries. 

Most of the literature on price co-movement cited above, however, focuses on price levels or 

conditional mean prices. Less attention is given to interrelations in conditional volatility. Examining 

market interactions in terms of the conditional second moment can provide better insight into the dynamic 

price relationships of markets (Gallagher and Twomey 1998). A period of increased volatility in, for 

example, wheat prices could also lead to more volatility in corn or soybean prices due to substitution in 

demand or joint underlying causes of volatility. Moreover, the excess co-movement hypothesis is often 

                                                      
1 According to Ivanic, Martin, and Zaman (2011) and Robles and Torero (2010), the recent upsurges in commodity prices of 

2007–2008 and 2010–2011 had an overall negative welfare effect on the population, particularly on the poor. 
2 Lescaroux (2009) also finds that supply and demand factors explain to a large extent co-movement between oil and metal 

prices. 
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motivated by phenomena on financial markets, such as herding and speculation activity, which may also 

lead to increased volatility interactions between commodities. An ongoing debate in agricultural 

commodities is whether the apparent higher market integration of agricultural financial markets and the 

increasing role played by noncommercial actors or index traders in past years may have led to higher 

cross-market interactions between crops (Irwin, Sanders, and Merrin 2009).
3
 

Another important issue that is often neglected is that different data frequencies may lead to 

different conclusions on the existence of co-movement in price levels and volatility. For example, short-

horizon interactions between markets are more likely affected by daily trading in financial (futures) 

markets as compared with long-horizon interactions, which are more likely driven by structural changes 

in markets. Hence, the use of different data frequencies can provide a richer picture of the potential 

underlying factors driving market interdependencies across commodities. Similarly, longer-horizon 

returns can obscure temporary responses to innovations, which may last for only a few days or weeks 

(Elyasiani, Perera, and Puri 1998). In contrast, working with different data frequencies might help us 

overcome the minimum detectable effect problem. If we think of innovations (shocks) as arising on a 

continuous fashion, then over a month-long period the cumulated innovations result in a higher variance 

than over a day-long period. Daily cumulated innovations might be too small to make a statistically 

detectable impact, but on a monthly basis this might be less of a problem. Most of the aforementioned 

studies use particular data frequencies, for example, quarterly, monthly, or weekly. 

The objective of this study is to examine market interrelations in conditional mean price returns 

and conditional volatility price returns between US corn, wheat, and soybeans on a daily, weekly, and 

monthly basis. We base our analysis on these three crops because of their major role in the US 

agricultural commodity markets. We follow a Multivariate Generalized Autorregresive Conditional 

Heteroskedasticity (MGARCH) approach. In particular, we estimate both a T-BEKK model and a 

Dynamic Conditional Correlation (T-DCC) model to analyze the level of interdependence and volatility 

dynamics across these major agricultural commodities using different data frequencies.
4
 The period of 

analysis is January 1998 through October 2012, which also permits examination of structural changes in 

the dynamics of volatility between agricultural commodities in recent years. Crucial in our specification is 

properly modeling the interrelationship between price returns. 

This paper intends to contribute to the literature on volatility spillovers between agricultural 

commodities, which is still limited. Le Pen and Sévi (2010) use monthly price data on eight different 

commodities, including wheat, soybean, cotton, and pork bellies, between 1982 and 2007 to test for 

excess co-movement in price returns and also for correlations in squared returns and residuals. Although 

they generally find weak evidence for volatility interactions, most of the significant results are between 

agricultural commodities included in their analysis. Zhao and Goodwin (2011) use various time-series 

methods, including a threshold Vector Autoregressive (VAR) and BEKK model, to analyze volatility 

spillovers among weekly options and futures prices for corn and soybeans between 2001 and 2010. 

Although their results vary across methods, they conclude that volatility spillovers exist between corn and 

soybean futures markets. Deb, Trivedi, and Varangis (1996) also implement a MGARCH model using the 

same data as Pindyck and Rotemberg (1990) to reconsider their excess co-movement hypothesis.5 While 

Deb, Trivedi, and Varangis use monthly data for the periods 1960–1985 and 1974–1992 for a group of 

assumed unrelated commodities to specifically assess excess co-movement, we deliberately focus on 

seemingly related agricultural commodities in a recent time period.
6 
We are particularly interested in 

                                                      
3 As a reference, the average volume of corn futures traded in the Chicago Board of Trade on a daily basis has increased by 

more than 250 percent in the past 25 years (Commodity Research Bureau 2012). Similar increases are observed for wheat and 

soybeans. 
4 The BEKK model corresponds to Engle and Kroner (1995) multivariate model also known as Baba, Engle, Kroner and 

Kraft model; the DCC model is based on Engle (2002). 
5 Deb, Trivedi, and Varangis propose an excess co-movement likelihood ratio test based on the estimation of a BEKK model 

with additional restrictions on the conditional variance–covariance matrix to resemble a diagonal vech formulation. 
6 Karali and Power (2013) also examine price volatility in corn, wheat, and soybean futures markets, among other markets, 

over the period 1990–2009, but the focus of their study is on separately analyzing short- and long-run determinants in each 

market using a spline-GARCH model. 
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thoroughly examining the dynamics of volatility between major agricultural commodities, if volatility in 

certain crops leads to volatility in other crops, whether these cross-market interactions vary with different 

time spans, and whether the level of interdependence between markets has increased in recent years. 

The remainder of this paper is organized as follows: Section 2 discusses the methodology applied 

in the study, followed by a description of the data in Section 3. Section 4 presents and discusses the 

estimation results. Concluding remarks are presented in Section 5. 
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2.  METHODOLOGY 

We estimate two MGARCH models to analyze the dynamics of volatility and degree of interdependence 

between corn, wheat, and soybean markets. The T-BEKK model permits characterization of volatility 

transmission across markets since it is flexible enough to account for own- and cross-volatility spillovers 

and persistence between markets. The T-DCC model estimates a dynamic conditional correlation matrix, 

which allows examination of the change in level of interdependence (correlation) between markets across 

time.
7 
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zero mean, conditional on past information 
1t

I , and conditional variance–covariance matrix
t

H . Similar 

to a VAR model, the elements of 
j

 , j=1,…,p, provide direct measures of own- and cross-mean 

spillovers between markets. A vector of exogenous explanatory variables may also be included in 

equation (1), as we do in Section 4.2 
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where C  is a 3 × 3 upper triangular matrix of constants 
ij

c , A is a 3 × 3 matrix whose elements 
ij

a

capture the degree of transmission from an innovation in market i  to market j , and G  is a 3 × 3 matrix 

whose elements 
ij

g  measure the persistence in conditional volatility between markets i  and j (as      

carries over information of all past innovations from t–2 backward). This specification of the variance–

covariance matrix allows us to analyze the direction, magnitude, and persistence of volatility transmission 

across markets. We can further derive impulse-response functions for the estimated conditional 

volatilities to show how innovations in one market transmit to other markets. 

The DCC model, in turn, assumes a time-dependent conditional correlation matrix )(
, tijt

R  , 

3,...,1, ji , which permits modeling the degree of interdependence between markets across time. The 

conditional variance–covariance matrix 
t

H is defined as 

 tttt
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7 For a detailed overview of different MGARCH models see Bauwens, Laurent, and Rombouts (2006) and Silvennoinen and 

Teräsvirta (2009). 
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with tii
h

, defined as a GARCH(1,1) specification,
1,

2

1, 
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hh  , 
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hu  , Q  is the 

3 × 3 unconditional variance matrix of 
t

u , and   and   are nonnegative adjustment parameters 

satisfying 1  . Overall, 
t

Q could be seen as a type of autoregressive moving average process 

capturing short-term deviations in the correlation around its long-run level. Hence, while 
t

D captures the 

conditional variances of 
t

 , 
t

R measures the covariances. 
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3.  DATA 

The data used for the analysis are daily, weekly, and monthly cash (spot) prices for corn, wheat, and 

soybeans from January 1998 through October 2012. The daily data were obtained from the futures 

database of the Commodity Research Bureau and correspond to No. 2 yellow corn, No. 2 soft red wheat, 

and No. 1 yellow soybeans traded in the Chicago Board of Trade.
8
 The weekly and monthly price data are 

the corresponding prices for the last day of the week and month.
9 
This yields a dataset of 3,732 

observations at the monthly level, 773 at the weekly level, and 177 at the daily level. All prices are 

deflated by the US consumer price index. 

Using different time frequencies helps to provide a broader picture of the potential 

interrelationships between markets as the underlying factors driving these cross-market dynamics may 

also differ with different time spans. The volatility dynamics between markets may further be obscured as 

we decrease the data frequency. Alternatively, at higher frequencies the size of the shocks and 

transmissions across markets may be too small to show as statistically significant. The sample period 

covered also permits us to examine if there have been important changes in the dynamics of volatility 

after the recent food price crisis of 2007–2008 with unprecedented price spikes in agricultural prices, as 

well as the recent turbulent price period of 2010 and 2011. 

Figure 3.1 shows the evolution of corn, wheat, and soybean daily real prices during the period of 

analysis. It follows that prices in all three markets seem to move in a similar fashion, particularly corn and 

wheat prices, with important spikes during 2008, when the food price crisis was felt most, and in the past 

two years; soybean prices also exhibited an important spike in 2004 due to supply shortages in both the 

United States and Brazil combined with a strong global demand.  

Figure 3.1 Daily corn, wheat, and soybean real prices  

 
Source:  Commodity Research Bureau (2012). 

Note:  MT = metric ton. Prices deflated by consumer price index (1982–1984=100). 

  

                                                      
8For further details on the data source, see www.crbtrader.com/infotech.asp. 
9 The correlation between the weekly and monthly prices and the prices reported by the Food and Agriculture Organization 

of the United Nations’ International Commodity Prices (www.fao.org/economic/est/prices) database ranges between 0.97 and 

0.99. We prefer to base our analysis using only one source of information. The estimation results are also robust if we use 

average prices over a week and month. 

http://www.crbtrader.com/infotech.asp
http://www.fao.org/economic/est/prices


7 

 

Figure 3.2 further plots daily price returns (multiplied by 100) for all three commodities. The 

price returns are defined as  
1

ln



ititit

ppy , where 
it

p  is the price of corn, wheat, or soybeans at time 

t. This logarithmic transformation is a standard measure for net returns in a market and is generally 

applied in empirical finance to obtain a convenient support for the distribution of the error terms in the 

estimated models. The figure is indicative of time-varying volatility in the returns, with important 

fluctuations in more recent years, which supports the use of MGARCH models. 

Figure 3.2 Daily corn, wheat, and soybean price returns 

  

 

 

 
Source:  Author’s calculations. 
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Since we are interested in co-movement of returns, Figure 3.3 presents two-year moving pairwise 

correlation coefficients for the three series of daily price returns. In the figure, each point represents the 

correlation coefficient between two series averaged over the last two years. So the first values in the graph 

represent correlation coefficients over 1998 and 1999. Interestingly, this graph shows that the correlation 

between returns decreased steadily over time between the late 1990s until the food price crisis of 2007–

2008, and then rose again.
10

 The weakest correlations between returns were reached during the first half 

of the past decade. In particular, the correlation between corn and wheat was lowest between September 

2002 and October 2003, whereas the correlation between wheat and soybean returns was lowest during 

February 2003–January 2004, and that between corn and soybeans during September 2003–October 2004. 

The figure also shows that the correlation between corn and soybeans is the strongest and between wheat 

and soybeans the lowest. This is expected because corn and soybeans compete most in terms of acreage 

but also are closer substitutes in animal fodder. 

Figure 3.3 Two-year moving correlation coefficients of corn, wheat, and soybean daily price returns 

 
Source:  Author’s calculations. 

Figure 3.4 shows the evolution of unconditional volatility (standard deviations) of daily returns 

over time. In this graph, two-year moving standard deviations of the real returns for corn, wheat, and 

soybeans are reported. A number of interesting patterns can be derived from this graph. First, 

unconditional volatility for the three crops also seems to co-move over time. Second, all three series 

reached a peak in unconditional volatility in recent years, followed by a reduction in volatility back to 

levels experienced in the early years of the sample period. Third, although volatility seems to co-move, 

the timing of the rapid increase and the arrival at the peak differs. The moving standard deviations for 

wheat and soybeans started to increase rapidly from early 2008, peaking in January 2010 (in other words, 

unconditional return volatility was highest in the period 2008–2009 for both crops). However, corn 

volatility started to increase from 2006 and also peaked earlier. Establishing sources of interdependence 

in volatility transmission between crops naturally requires further examination, as discussed in the next 

section. 

                                                      
10 Pairwise correlations for different subsample periods also confirm an increase in the correlation of price returns between 

commodities after the food price crisis of 2007–2008. 
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Figure 3.4 Two-year moving standard deviations of corn, wheat, and soybean daily price returns  

 
Source:  Author’s calculations. 

Table 3.1 reports, in turn, summary statistics of the price returns in corn, wheat, and soybeans for 

the different time frequencies considered. The table reveals several important patterns. First, corn returns 

are roughly 1.2 and 1.4 times higher than the returns in wheat and soybeans. For example, on a daily basis 

the average return in corn is 0.019 percent versus 0.015 percent in wheat and 0.013 percent in soybeans. 

The returns in soybeans also exhibit a lower dispersion (1.68) as compared with corn (1.90) and wheat 

(2.52). In addition, the Jarque–Bera test indicates that the returns in all commodities follow a non-normal 

distribution. The kurtosis in all markets is greater than 3, further pointing to a leptokurtic distribution of 

returns. Given these results we use a Student’s t density for the estimation of the BEKK and DCC 

models.
11

 

Similarly, the Ljung–Box (LB) statistics for up to 5 and 10 lags generally reject the null 

hypothesis of no autocorrelation for the squared returns. This autocorrelation suggests the existence of 

nonlinear dependencies in the returns, which motivates the use of MGARCH models to capture the 

interdependencies in the conditional mean and variance of the returns within and across commodities. 

Finally, the Augmented Dickey–Fuller (ADF) and Kwiatkowski–Phillips–Schmidt–Shin (KPSS) tests 

confirm the stationarity of all price return series, which excludes the necessity to account for any potential 

long-run relationship or cointegration between the series analyzed. 

                                                      
11We also estimated the BEKK model using the quasi-maximum likelihood method of Bollerslev and Wooldridge (1992), 

with a normal distribution of errors, and find qualitatively similar results. 
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Table 3.1 Summary statistics for price returns 

Statistic Daily Returns Weekly Returns Monthly Returns 

 
Corn Wheat Soybeans Corn Wheat Soybeans Corn Wheat Soybeans 

Mean 0.019 0.015 0.013 0.089 0.073 0.065 0.366 0.312 0.274 

Median 0.000 0.000 0.000 0.147 –0.237 0.244 0.263 0.905 1.081 

Minimum –9.233 –16.005 –13.182 –18.145 –23.453 –24.506 –30.723 –36.550 –45.325 

Maximum 8.994 13.160 7.345 21.036 18.041 12.338 24.590 25.730 20.859 

Standard Deviation 1.902 2.519 1.676 4.331 5.161 3.825 8.575 10.211 8.654 

Skewness –0.048 –0.074 –0.555 –0.104 0.046 –0.814 –0.548 –0.256 –1.115 

Kurtosis 5.202 5.836 7.000 4.782 4.569 6.492 4.606 3.947 6.981 

Jarque–Bera 755.5 1,254.3 2,680.5 103.7 79.6 478.0 27.9 8.6 153.6 

p-value 0.00 0.00 0.00 0.000 0.000 0.000 0.000 0.014 0.000 

# observations 3,732 3,732 3,732 773 773 773 177 177 177 

 
Returns correlations 

AC (lag=1) 0.033* –0.049* –0.018 –0.090* –0.046  0.005 0.030 –0.021 –0.056 

AC (lag=2) –0.035* 0.020 0.017 0.027* –0.028  0.093  0.078 0.029  0.124 

Ljung–Box (5) 12.861* 19.200* 13.572* 11.990* 3.288 11.746*  4.226 4.714 8.660 

Ljung–Box (10) 18.019 21.527* 23.359* 15.304 15.707 21.137* 8.941 9.870 17.574 

 
Squared returns correlations 

AC (lag=1) 0.138* 0.180* 0.136* 0.250* 0.199* 0.125* 0.138 0.172* 0.023 

AC (lag=2) 0.141* 0.131* 0.114* 0.135*  0.088* 0.269* –0.044 0.059*  0.269* 

Ljung–Box (5) 251.093* 399.955* 394.009* 78.858* 71.605* 87.923* 7.488 12.461* 13.822* 

Ljung–Box (10) 415.530* 611.649* 654.437*  133.419* 139.921* 145.440*  8.577 36.196* 17.098 

 
Test for stationarity 

ADF (lag=5) –25.992*  –25.887* –24.555* –11.101* –11.101*  –11.531*  –6.127* –5.538* –5.509 

KPSS (lag=5)  0.027 0.030  0.040 0.028 0.035 0.036 0.029 0.040 0.036 

Source:  Author’s calculations. 

Note:  AC = autocorrelation coefficient; ADF = Augmented Dickey–Fuller test; KPSS is the Kwiatkowski–Phillips–Schmidt–Shin test for stationarity. The symbol (*) denotes 

rejection of the null hypothesis at the 5% significance level.
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4.  RESULTS 

This section discusses the estimation results of the MGARCH models implemented to examine the level 

of interdependence and volatility transmission between corn, wheat, and soybeans. The T-BEKK model 

permits us to analyze own- and cross-volatility spillovers and persistence between markets, while the T-

DCC model allows us to evaluate if the degree of interdependence between agricultural commodities has 

changed across time. We first present our base estimation results and then perform additional estimations 

to assess the validity of our results. 

Base Results 

Table 4.1 reports the estimation results of the T-BEKK model. The top panel reports the estimated 

coefficients of the conditional mean equation, and the bottom panel reports the coefficients of the 

conditional variance–covariance matrix defined in equation (2). The lag lengths for the daily, weekly, and 

monthly data correspond to the optimal number based on the Schwarz’s Bayesian information criterion 

(SBIC). The estimated degrees of freedom parameter (v) is small in all cases (between 6 and 9), which 

supports the appropriateness of the estimation with a Student’s t distribution. The residual diagnostic tests 

further support the adequacy of the model specification, especially for the weekly and monthly data. In 

particular, the LB, Lagrange multiplier (LM), and Hosking multivariate portmanteau (M) test statistics for 

up to 5 and 10 lags generally show no or weak evidence of autocorrelation, ARCH effects, and cross-

correlation in the standardized squared residuals of the estimated models. 

Table 4.1 Estimation results of T-BEKK model 

Coefficient Daily returns Weekly returns Monthly returns 

 
Corn Wheat Soybeans Corn Wheat Soybeans Corn Wheat Soybeans 

  (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) 

  Conditional mean equation 

0 0.019 0.015 0.013 0.089 0.073 0.065 0.366 0.312 0.274 

 
(0.031) (0.041) (0.027) (0.156) (0.186) (0.138) (0.645) (0.768) (0.650) 

  Conditional variance–covariance equation 

ci1 0.259 –0.055 0.096 0.581 –0.079 –0.178 –1.427 3.233 –2.665 

 
(0.085) (0.101) (0.034) (0.189) (0.143) (0.309) (1.564) (1.564) (1.733) 

ci2 
 

0.198 0.094 
 

0.235 0.409 
 

0.002 –0.001 

  
(0.075) (0.084) 

 
(0.350) (0.608) 

 
(0.041) (0.056) 

ci3 
  

0.181 
  

–0.037 
  

0.000 

   
(0.135) 

  
(0.368) 

  
(0.018) 

ai1 0.205 –0.045 0.009 0.121 –0.106 –0.134 –0.407 –0.673 –0.716 

 
(0.064) (0.084) (0.010) (0.076) (0.068) (0.062) (0.129) (0.181) (0.191) 

ai2 –0.024 0.184 0.003 –0.134 0.126 0.078 0.087 0.051 –0.092 

 
(0.015) (0.022) (0.008) (0.052) (0.056) (0.042) (0.078) (0.085) (0.082) 

ai3 0.028 –0.011 0.200 0.120 0.100 0.302 0.476 0.915 0.967 

 
(0.042) (0.018) (0.032) (0.051) (0.082) (0.068) (0.193) (0.208) (0.132) 

gi1 0.967 0.022 0.003 0.956 0.019 0.097 1.283 0.866 0.783 

 
(0.021) (0.011) (0.005) (0.041) (0.032) (0.031) (0.181) (0.218) (0.198) 

gi2 0.010 0.975 0.001 0.039 0.994 –0.020 –0.129 –0.155 –0.580 

 
(0.010) (0.004) (0.005) (0.014) (0.014) (0.013) (0.355) (0.239) (0.225) 

gi3 –0.009 –0.004 0.967 –0.027 –0.045 0.889 –0.785 0.281 –0.188 

  (0.006) (0.005) (0.022) (0.044) (0.050) (0.053) (0.158) (0.332) (0.197) 

ν 
  

6.135 
  

9.249 
  

9.078 

      (0.438)     (1.365)     (3.064) 
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Table 4.1 Continued 

Coefficient Daily returns Weekly returns Monthly returns 

 
Corn Wheat Soybeans Corn Wheat Soybeans Corn Wheat Soybeans 

  (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) 

Wald joint test for cross-volatility coefficients (H0: aij=gij=0, "i≠j) 

Chi-
square 

  
117.749 

  
71.290 

  
1,340.624 

p-value 
  

0.000 
  

0.000 
  

0.000 

Wald test for block-exogeneity in variance of Corn (H0: a1j=g1j=0, j=2,3) 

Chi-
square 

 
7.789 3.584 

 
7.555 6.672 

 
3.988 42.924 

p-value 

 
0.020 0.167 

 
0.023 0.036 

 
0.136 0.000 

Wald test for block-exogeneity in variance of Wheat (H0: a2j=g2j=0, j=1,3) 

Chi-
square 10.625 

 
2.087 2.458 

 
1.698 39.526 

 
19.328 

p-value 0.005 
 

0.352 0.293 
 

0.428 0.000 
 

0.000 

Wald test for block-exogeneity in variance of Soybeans (H0: a3j=g3j=0, j=1,2) 

Chi-
square 0.839 0.133 

 
10.111 3.530 

 
33.835 6.705 

 p-value 0.657 0.936   0.006 0.171   0.000 0.035   

Ljung–Box (LB) test for autocorrelation (H0: no autocorrelation in squared residuals) 

LB(5) 14.659 18.894 10.885 9.543 4.458 2.480 3.477 2.234 5.718 

p-value 0.012 0.002 0.054 0.089 0.486 0.780 0.627 0.816 0.335 

LB(10) 18.227 20.760 15.630 15.926 12.980 19.561 4.226 13.542 20.388 

p-value 0.051 0.023 0.111 0.102 0.225 0.034 0.937 0.195 0.026 

Lagrange multiplier (LM) test for ARCH residuals (H0: no serial correlation in squared residuals) 

LM(5) 14.164 17.085 10.350 9.362 4.221 2.349 3.785 1.999 4.224 

p-value 0.015 0.004 0.066 0.095 0.518 0.799 0.581 0.849 0.518 

LM(10) 18.808 20.872 14.823 15.947 12.279 20.232 3.315 10.997 19.062 

p-value 0.043 0.022 0.139 0.101 0.267 0.027 0.973 0.358 0.039 

Hosking multivariate portmanteau (M) test for cross-correlation (H0: no cross-correlation in squared 
residuals) 

M(5) 
  

55.303 
  

49.671 
  

49.691 

p-value 

  
0.140 

  
0.293 

  
0.292 

M(10) 
  

110.938 
  

86.137 
  

101.540 

p-value     0.066     0.596     0.191 

Log 
likelihood 

  

–
47,053.7 

  
–5,751.8 

  
–1,789.3 

SBIC 
  

25.3 
  

15.1 
  

20.9 
# 
observati
ons     3,732     773     177 

Source:  Author’s calculations 

Note:  T-BEKK = Baba, Engle, Kroner and Kraft; AC = autocorrelation coefficient; SBIC = Schwarz’s Bayesian information 

criterion. Standard errors reported in parentheses. Number of lags determined according to SBIC. ν is the degrees of 

freedom parameter.  

In the conditional mean equation, we do not find own- and cross-market dependence among corn, 

wheat, and soybean returns. The expected price returns in corn, wheat, and soybean in the current period 

do not depend on their past values and are also not affected by the lagged returns of the other markets. 

Hence, corn, wheat, and soybean markets do not appear to be related at the mean level. 
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In the conditional variance–covariance equation, the diagonal ii
a

 coefficients, 3,...,1i , capture 

own-volatility spillovers, that is, the effect of lagged innovations on the current conditional return 

volatility in market i; while the diagonal ii
g

 coefficients capture own-volatility persistence, that is, the 

dependence of volatility in market i on its own past volatility. We typically observe strong GARCH 

effects in all commodities and for different time spans. This suggests that own innovations (or 

information shocks) have an important direct effect on the corresponding conditional return volatility in 

each commodity, and their returns also exhibit significant own-volatility persistence. It is interesting that 

while we observe a lower persistence in the conditional variance at the monthly level (relative to the daily 

and weekly level) for wheat and soybeans, we observe the opposite for corn. 

We also note the importance of estimating a dynamic conditional variance model, which is 

supported by the difference between the estimated conditional steady-state variance (level to which the 

variance will converge in the absence of shocks) and the sample (unconditional) variance. As shown in 

Table A.1 in the Appendix, the estimated steady-state standard deviations of the returns in each market 

using daily, weekly, and monthly data are 40–60 percent of the sample standard deviations reported in the 

summary statistics in Table 3.1. 

Regarding the cross-volatility spillovers, it is important to distinguish between direct and full 

effects across markets. The off-diagonal 
ij

a  and 
ij

g  coefficients measure direct spillover and persistence 

effects between markets: The 
ij

a  coefficients capture the direct effects of lagged innovations originating 

in market i on the current conditional volatility in market j, while the 
ij

g  coefficients capture the direct 

dependence of volatility in market j on that of market i. However, the dynamics of volatility across 

markets in a BEKK model ultimately comprises all off-diagonal 
ij

a  and 
ij

g  coefficients, as markets may 

be directly related through the conditional variance and indirectly related through the conditional 

covariance. We need to account for both direct and indirect effects to fully analyze interactions across 

markets. 

The estimated cross effects are generally smaller in magnitude than the own effects, as it is 

standard in these models. The Wald joint test rejects the null hypothesis that the cross effects (that is, off-

diagonal coefficients 
ij

a  and 
ij

g ) are jointly equal to zero with a 95 percent confidence level.  

The block-exogeneity in variance tests further indicate that the conditional price return volatility 

of the commodities under analysis seems in several cases to be directly affected by past innovations and 

variance from the other commodities. These direct or immediate effects are more recurrent as we increase 

the time horizon of the returns. For example, past shocks and variance in wheat returns appear to directly 

affect the current conditional variance in corn and soybean returns at the monthly level; the same for 

soybean past shocks and variance on both corn and wheat volatility, and for corn on the volatility of 

soybeans. We observe fewer direct effects on a weekly basis and even fewer on a daily basis. 

To further analyze cross-volatility interactions between crops, including the direction of causality, 

we derive impulse-response functions of the conditional return volatilities similar to Hernandez, Ibarra, 

and Trupkin (2013) and Gardebroek and Hernandez (2013). This exercise encompasses both direct and 

indirect effects across markets after simulating an initial shock in one of them. In particular, Figure 4.1 

presents the impulse-response functions resulting from an innovation that generates a 1 percent increase 

in the conditional volatility of the commodity where the innovation first occurs.
12 

The responses in each 

market are normalized by the size of the original shock.  

                                                      
12 To simulate the effect of a shock on own and cross markets, we first derive the corresponding conditional variances and 

covariances at the steady state, that is, in the absence of innovations. We then separately assume a shock in each market such that 

the conditional variance of this market initially increases by 1 percent.  



14 

 

Figure 4.1 Impulse-response functions on conditional volatility 

Daily 

 

 
 

Weekly 

 

 
 

Monthly 

 

 
Source:  Author’s calculations. 

Note:  The responses are the result of an innovation that results in a 1% increase in the own conditional volatility of the market 

where the innovation first occurs. The responses are normalized by the size of the original shock. Simulations based on 

Baba, Engle, Kroner and Kraft (T-BEKK) model estimation results. 

We find important volatility transmission interactions across commodities at the weekly and 

monthly levels, particularly after a shock originated in wheat and corn markets. At the weekly level, a 

shock in the corn market (that increases its steady-state variance by 1 percent after a one-week period) has 

a similar effect on the conditional volatility in both wheat and soybean markets. After one period (a week) 

the wheat variance increases by 1.2 percent and the soybean variance shows a 1 percent increase.
13 

A 

shock in the wheat market also affects the conditional volatility of returns in both the corn and soybean 

markets; we observe an initial significant increase in the volatility of both corn and soybean markets, 0.7 

percent and 0.6 percent respectively, after a wheat shock that induces a 1 percent increase in the 

conditional volatility of wheat. Soybean, in contrast, does not exhibit significant volatility spillovers on 

either corn or wheat markets; the increase is minor, only 0.2 percent in the conditional volatility of corn 

returns. The volatility of soybean returns further shows a faster adjustment after an own or cross 

innovation. This probably suggests that volatility shocks are processed faster by soybean traders. 

                                                      
13 Table 4.2 provides a summary of these initial effects. 
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To analyze own volatility interactions we also introduce a shock equal to one (steady state) 

standard deviation in each market (see also Table 4.2). In the corn market, the corn conditional variance 

increases by 1.7 percent; this shock also increases the conditional variances in wheat and soybean by 0.6 

percent and 2.2 percent, respectively, corroborating the important cross-volatility effects of corn on the 

other markets. In wheat, not only does a shock of one standard deviation raise the conditional wheat 

variance by 1.6 percent, but with this shock we also confirm a large cross-volatility transmission on corn 

(3.5 percent increment in the conditional variance) and soybeans (4.6 percent increment in the conditional 

variance). Soybeans observe a large own-volatility impact as the conditional volatility increases by 9.1 

percent, while the cross impact on corn and wheat are small compared with this increment. 

Table 4.2 Estimated volatility transmission across markets 

  Daily data Weekly data Monthly data 

 
Panel A: Volatility transmission across markets after a 1% shock 

  (% change in market j variance as a result of a shock in market i ) 

Market i Market j Market j Market j 

  Corn Wheat Soybeans Corn Wheat Soybeans Corn Wheat Soybeans 

Corn 1.000 0.013 0.018 1.000 1.216 0.980 1.000 0.340 1.370 

Wheat 0.060 1.000 0.008 0.710 1.000 0.625 2.222 1.000 4.107 

Soybean 0.004 0.001 1.000 0.197 0.088 1.000 0.547 0.221 1.000 

 
Panel B: Volatility transmission across markets after a 1 standard deviation shock 

  (% change in market j variance as a result of a shock in market i ) 

Market i Market j Market j Market j 

  Corn Wheat Soybeans Corn Wheat Soybeans Corn Wheat Soybeans 

Corn 4.185 0.071 0.146 1.699 0.584 2.187 16.561 4.496 14.077 

Wheat 0.159 3.392 0.043 3.460 1.592 4.626 56.706 20.398 65.003 

Soybean 0.008 0.002 4.000 1.185 0.174 9.126 82.544 26.605 93.583 

Source:  Author’s calculations. 

Note:  In Panel A: shock in market i is equal to the shock needed to increase the conditional variance in market i in 1%. In 

Panel B: shock in market i is equal to 1 standard deviation of the steady-state conditional variance in market i. We report 

the maximum % change in market j variance, which in most cases takes one period. 

At the monthly level, the initial volatility spillovers from wheat to the other markets become 

stronger, while the cross volatility from corn to the other markets becomes to some extent weaker. A 1 

percent increase in the conditional volatility of wheat returns leads to more than a 2 percent increase in 

the volatility of corn and soybean returns; a 1 percent increase in the conditional volatility of corn returns 

leads, in turn, to a 1.4 percent increase in the volatility of soybean returns but only a 0.3 percent increase 

in the volatility of wheat returns. Soybeans also show some cross-volatility spillovers to corn markets (0.5 

percent increase). When we shock each market with one standard deviation, we confirm that the largest 

own volatility effect takes place in the soybeans market as the variance increases by almost 100 percent, 

which is more than 4.5 times the own volatility effect in corn and wheat markets. Similarly, while own 

volatility effects are larger for corn than for wheat when considering weekly returns, with monthly returns 

we find the opposite, although in both cases (weekly and monthly returns) these effects are of similar 

magnitude. We also observe that the largest cross-volatility effects (compared to own volatility effects) 

are from wheat to soybeans and corn and from corn to soybeans. 

Overall, these results indicate important interrelations in conditional volatility between the 

agricultural commodities analyzed on a weekly and monthly basis, and that wheat (and corn to a lesser 

extent) plays a major role in terms of spillover effects over the other crop markets. The cross-volatility 

transmission effects can be summarized as follows: (1) A shock in the corn market has an impact on 

soybean volatility of similar size as the impact on its own volatility, while the impact on wheat volatility 

is much lower (about one-third of the impact on its own volatility); (2) a shock in the wheat market has a 
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strong volatility transmission on corn and soybean markets, in both cases at least equal to or much higher 

than the impact on the own volatility; and the evidence suggests that the transmission is somehow higher 

on soybeans than on corn; and (3) volatility transmission from soybeans to both corn and wheat is low 

and generally not more than half the impact on the own volatility. It is also interesting that we do not find 

volatility interactions across commodities at the daily level, which could be indicative of the absence of 

herding (or speculative) behavior (or both) in daily trading, as most of the interactions between 

agricultural commodities on a daily basis are likely driven by operations in financial markets. This lack of 

evidence could also be explained by the relatively small size of the volatility interactions on a daily basis. 

We further explore our daily results below. 

It is worth noting that our weekly results differ from the BEKK results of Zhao and Goodwin 

(2011), who examine volatility spillovers between corn and soybeans and find important bi-directional 

volatility spillovers for the period 2001 through 2010. A possible explanation for the different findings is 

that they base their analysis on futures prices, which might share a common convenience-yield 

component, while we examine spot prices for a larger sample period and explicitly account for the fat-

tailed distribution of returns using a Student’s t density in the estimation of the BEKK model. 

Interestingly, our results resemble Zhao and Goodwin’s results based on forward-looking measures of 

volatility (in a VAR model with Fourier seasonal components), which they argue is a more accurate 

measure of price variability and uncertainty in a market. 

Table 4.3 presents the estimation results of the T-DCC model. This model allows us to examine 

whether the degree of interdependence between commodities has changed across time. The number of 

lags corresponds to the optimal number as determined by the Schwarz criterion. As in the T-BEKK 

model, the estimated degrees of freedom parameter supports the appropriateness of the estimation with a 

Student’s t distribution, and the reported diagnostic tests for the standardized squared residuals (LB, LM, 

and M statistics) generally support the adequacy of the model specification. 

Table 4.3 Estimation results of T-DCC model 

Coefficient Daily returns Weekly returns Monthly returns 

 
Corn Wheat Soybeans Corn Wheat Soybeans Corn Wheat Soybeans 

  (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) 

  Conditional mean equation 

0 0.035 0.013 0.017 0.100 0.109 0.112 0.301 0.260 0.195 

 
(0.029) (0.035) (0.024) (0.131) (0.165) (0.123) (0.588) (0.632) (0.591) 

  Conditional variance–covariance equation 

wi 0.079 0.058 0.042 1.061 0.405 0.851 65.627 2.576 11.142 

 
(0.032) (0.023) (0.015) (0.497) (0.411) (0.365) (26.474) (2.106) (7.178) 

ai 0.054 0.044 0.064 0.160 0.036 0.156 0.245 0.085 0.223 

 
(0.011) (0.008) (0.012) (0.033) (0.019) (0.027) (0.179) (0.027) (0.163) 

bi 0.924 0.947 0.922 0.791 0.948 0.794 –0.122 0.891 0.648 

  (0.018) (0.011) (0.015) (0.045) (0.031) (0.044) (0.202) (0.028) (0.162) 

a 
  

0.023 
  

0.015 
  

0.008 

   
(0.006) 

  
(0.005) 

  
(0.016) 

b 
  

0.939 
  

0.983 
  

0.969 

   
(0.024) 

  
(0.016) 

  
(0.020) 

ν 
  

6.547 
  

10.253 
  

8.682 

      (0.317)     (1.800)     (2.386) 

Wald joint test for adjustments coefficients (H0: a=b=0) 
     Chi-square 

  
11,529.5 

  
4,093.1 

  
2,054.6 

p-value     0.000     0.000     0.000 
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Table 4.3 Continued 

Coefficient Daily returns Weekly returns Monthly returns 

 
Corn Wheat Soybeans Corn Wheat Soybeans Corn Wheat Soybeans 

  (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) 

Ljung–Box (LB) test for autocorrelation (H0: no autocorrelation in squared residuals) 

LB(5) 15.611 16.561 9.880 1.914 3.242 1.400 2.955 2.005 3.404 

p-value 0.008 0.005 0.079 0.861 0.663 0.924 0.707 0.849 0.638 

LB(10) 16.865 20.907 13.726 7.434 13.510 7.271 5.830 12.604 12.758 

p-value 0.077 0.022 0.186 0.684 0.197 0.700 0.829 0.247 0.238 

Lagrange multiplier test for ARCH residuals (H0: no serial correlation in squared 
residuals) 

  LM(5) 15.093 16.618 10.233 1.896 3.191 1.367 2.839 1.923 3.086 

p-value 0.010 0.005 0.069 0.863 0.670 0.928 0.725 0.860 0.687 

LM(10) 16.429 20.455 13.745 7.681 12.952 7.029 5.672 10.431 10.857 

p-value 0.088 0.025 0.185 0.660 0.226 0.723 0.842 0.403 0.369 

Hosking multivariate portmanteau (M) test for cross-correlation (H0: no cross-correlation in squared 
residuals) 

M(5) 
  

53.708 
  

36.759 
  

37.704 

p-value 
  

0.180 
  

0.804 
  

0.771 

M(10) 
  

113.927 
  

107.357 
  

106.990 

p-value     0.045     0.102     0.107 

Log 
likelihood 

  
–21,268.5 

  
–6,268.2 

  
–1,805.5 

SBIC 
  

11.4 
  

16.4 
  

20.9 
# 
observations     3,732     773     177 

Source:  Author’s calculations. 

Note:  T-DCC = Dynamic Conditional Correlation; ARCH = Autoregressive Conditional Heteroskedasticity; SBIC = 

Schwarz’s Bayesian information criterion. Standard errors reported in parentheses. Number of lags determined 

according to SBIC. ν is the degrees of freedom parameter.  

Similar to the T-BEKK model, we do not find own- and cross-market mean dependence among 

corn, wheat, and soybean returns. Turning to the coefficient estimates of the conditional variance–

covariance equation defined in equations (3)–(6), the Wald test rejects the null hypothesis that the 

adjustment parameters   and   are jointly equal to zero with a 95 percent confidence level. This 

suggests that the assumption of time-variant conditional correlations between markets in the T-DCC 

model is an appropriate assumption.  

Figure 4.2 presents the dynamic conditional correlations for each commodity pair resulting from 

the estimated T-DCC model.
14

 The weekly (and monthly) results are more informative than the daily 

results. The monthly conditional correlations are naturally smoother than the weekly correlations, but 

both appear to show a similar pattern of ups and downs; in contrast, the daily conditional correlations 

show very high fluctuations.
15 

Overall, we do not find that agricultural markets have become more 

interrelated in recent years. The degree of interdependencies observed in recent years is similar to that in 

the late 1990s, after a decrease in the middle of the 2000–2010 decade
.16 

                                                      
14The figure also includes constant conditional correlations and one standard deviation confidence bands based on the 

Constant Conditional Correlation (CCC) model developed by Bollerslev (1990). 
15 Le Pen and Sévi (2010) also estimate DCC models, although in their scalar form, to derive conditional monthly 

correlations for different commodities, including wheat and soybeans. Their estimated conditional correlation between wheat and 

soybeans shows much more fluctuation across time than the correlation derived from our multivariate T-DCC model. 
16 We also derived time-varying conditional correlations resulting from the estimation of the T-BEKK model, and we 

observe a similar pattern of correlations, although much more volatile than those obtained with the T-DCC model. 
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Figure 4.2 Dynamic conditional correlations 

Daily 

 

 
Weekly 

 

 
Monthly 

 

 
Source:  Author’s calculations. 

Note:  The dynamic conditional correlations are derived from the Dynamic Conditional Correlation (T-DCC) model estimation 

results. The solid line is the estimated constant conditional correlation following Bollerslev (1990), with confidence 

bands of one standard deviation. 

Hence, while we find some volatility spillovers across agricultural commodities (based on the T-

BEKK results), the level of volatility interdependence has not increased between 1998 and 2012, despite 

the so-called financialization of agricultural markets and the higher volume of agricultural futures 

contracts traded in major exchanges. The observed higher activity in financial agricultural markets in 

recent years does not seem, then, to be further stimulating co-movement in conditional volatilities 

between agricultural commodities. 

Additional Estimations 

Next, we perform additional estimations to further evaluate the robustness of our results. We first re-

examine our daily results, considering the potential presence of structural breaks in the volatility of the 

series analyzed. Second, we test for the correct parametric specification of the conditional variance–

covariance matrix of the estimated MGARCH models. Finally, we impose additional structure in the 

estimated models by including energy, macroeconomic, and financial indicators in the conditional mean 

equation. 
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Structural Breaks 

It is worth examining whether the lack of volatility spillovers across commodities at the daily level 

persists after appropriately accounting for structural breaks. In particular, we want to evaluate if the 

absence of daily volatility interactions persists during the entire sample period, in contrast to the identified 

weekly and monthly volatility interactions. In addition, as noted by Van Dijk, Osborn, and Sensier 

(2005), the existence of structural breakpoints (if any) may affect the estimated cross-volatility dynamics. 

Hence, we formally test for the presence of structural breaks in the volatility of the returns series; based 

on these results, we then segment our sample accordingly and derive impulse-response functions from the 

estimation of T-BEKK models over different sample periods to assess the changes, if any, in the daily 

cross-dynamics of volatility between corn, wheat, and soybean markets. 

We implement the test for the presence of unknown breakpoints proposed by Lavielle and 

Moulines (2000). This test is suitable for strongly dependent processes such as GARCH processes 

because it assumes beta-mixing conditions (Carrasco and Chen 2002). We apply the test over the squared 

returns as a proxy for volatility.
17 

Figure A.1 in the Appendix reports the results for each series. The break 

dates represent the estimated change points in each series using a minimum penalized procedure proposed 

by Lavielle and Moulines.
18

 We find important shifts in the volatility of the three series in 2008, when the 

food price crisis was felt most severely. The segment with a distinct volatility in corn returns occurred 

between September 11, 2008, and January 16, 2009; in wheat returns, between February 22, 2008, and 

January 12, 2009 and in soybeans, between September 11, 2008, and November 6, 2008.
19

 

Consequently, we divided our sample in two subperiods: January 5, 1998, through February 21, 

2008; and January 20, 2009, through October 31, 2012. Table A.2 reports the full estimation results of the 

T-BEKK model for the two subperiods, while Figure A.2 presents the corresponding impulse-response 

functions.  

The block-exogeneity tests, reported at the bottom of Table A.2, reveal that after 2008 past 

shocks and variance in wheat returns seem to directly affect the current conditional variance not only in 

corn but also in soybeans; a similar pattern is observed for corn past shocks and variance on both wheat 

and soybeans volatility. The impulse-response functions further reaffirm important volatility interactions 

across commodities in more recent years (as opposed to prior to 2008), specifically after a shock 

originated in both wheat and corn markets. Thus, while the daily results using the full sample do not 

indicate any cross-volatility spillovers, we do observe some volatility spillovers in recent years when 

segmenting our sample, particularly from wheat and corn to other markets, similar to the weekly and 

monthly results.
20

 If daily interactions are likely driven by operations in financial agricultural markets, 

these results would suggest that the recent volatility interactions could be resulting from the higher 

activity in financial markets. Still, recall that the T-DCC results do not indicate any increasing trend in the 

conditional correlations between commodities on a daily basis. 

Linear Specification of Variance–Covariance 

As another robustness check, we formally test for the correct specification of the parametric variance–

covariance matrix resulting from the estimated T-BEKK and T-DCC models. Parametric MGARCH 

models impose a specific distribution function of the error terms and assume a linear covariance matrix. 

While we use a Student’s t density for the estimation of the models to control for the leptokurtic 

                                                      
17 This is in line with Benavides and Capistran (2009) and Hernandez, Ibarra, and Trupkin (2013), who are also interested in 

identifying breakpoints in volatility.  
18 The test searches for multiple breaks over a maximum number of predefined potential segments and uses a minimum 

penalized contrast to identify the number of breaks. We allowed for a maximum of three segments. 
19 Shifts in means are observed earlier, around the second half of 2006. This is similar to the results of Enders and Holt 

(2012) when implementing the Bai–Perron test. 
20 We also conducted a similar exercise using weekly data and find structural breaks in the series around the second half of 

2008. However, the volatility interactions when segmenting the sample are qualitatively similar to the full sample results. Lack of 

sufficient observations prevents us from performing the same analysis with the monthly data (although the breakpoints are also 

around mid-2008). Details are available upon request. 
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distribution of the returns, and the estimated degrees of freedom parameters confirm the appropriateness 

of using this distribution, nonlinear patterns in the conditional variance matrix still may not be captured 

with a BEKK or DCC model. For example, as noted by Serra (2011, 2013), there can be periods of strong 

and weak correlations across time between markets as well as asymmetric responses to positive and 

negative shocks.
21

 It is worth then examining the suitability of imposing a linear covariance matrix to 

further corroborate the estimation results discussed above. 

We implement the test developed by Long, Su, and Ullah (2011) for the correct specification of a 

parametric conditional covariance model. The test is based on the semiparametric covariance estimator 

proposed by these authors, 
2/1

,

2/1

,,

ˆ)(ˆˆˆ
tptnptptsp

HxGHH  , where 
tp

H
,

ˆ  is the parametric estimate of the 

covariance matrix, )(ˆ
tnp

xG  is the Nadaraya–Watson estimator of ]|ˆˆ[
1

'

ttt
IeeE ,

t
ê  are the standardized 

residuals of the parametric estimation, and 
1


tt

rx . The authors show that if the parametric model is 

correctly specified, )(
tnp

xG  is equal to the identity matrix 
k

I , where 3k  in our case. Hence, under 

the null hypothesis, H0: ktnp
IxG )( against the alternative H1: 1))(Pr( 

ktnp
IxG .

22
 

The test results are reported in Table A.3. We do not reject at conventional statistical levels the 

null hypothesis of correct specification of the covariance matrix for both the T-BEKK and DCC models 

on a daily, weekly, and monthly basis. This suggests that the estimated covariance equations (reported in 

Tables 4.1 and 4.3) adequately capture the correlation patterns across markets, thus providing additional 

support to our results.  

Additional Regressors 

As a final robustness exercise, we include additional regressors when modeling the relationship between 

price returns. Since the analysis above is based on dynamic models of conditional volatilities of the 

residuals obtained from the conditional mean equation, the resulting dynamic interactions could be 

sensitive to the specification of the mean equation. The fact that, according to the SBIC, no own- and 

cross-mean spillovers exist between the returns of corn, wheat, and soybeans does not prevent us to 

include additional explanatory variables in the mean-level equation.
23

 

We include variables widely used in previous studies on price co-movement (for example, Deb, 

Trivedi, and Varangis 1996; Ai, Chatrath, and Song 2006; Le Pen and Sévi 2010; Gilbert 2010; Natanelov 

et al. 2011), conditional also on being available on a daily, weekly, and monthly basis. These include 

West Texas Intermediate crude oil spot prices from the Energy Information Administration; the exchange 

rate of US dollars to one British pound and the three-month Treasury bill interest rate from the board of 

governors of the Federal Reserve System; and Standard and Poor’s 500 stock price index (SP500). We 

also include the ratio of volume to open interest in futures contracts of corn, wheat, and soybeans in the 

Chicago Board of Trade; following Robles, Torero, and von Braun (2009), this ratio captures speculative 

activity under the assumption that the majority of speculators prefer to get in and out of the market in a 

short period of time in contrast to futures traders, who are not engaged in speculative activities.
24

 

Tables A.4 and A.5 report the estimation results of the T-BEKK and T-DCC models with the 

inclusion of these oil, macroeconomic, and financial or speculative indicators in the mean equation.
25 

                                                      
21Beckmann and Czudaj (2014) also provide supporting evidence regarding the existence of nonlinearities in the relationship 

of agricultural (futures) prices. 
22 See Long, Su, and Ullah (2011) for further details. 
23 We could also include explanatory variables in the conditional variance–covariance equation. Yet, adding exogenous 

variables in the variance–covariance matrix of a BEKK or DCC model with three series is not trivial and presents several 

statistical and computational challenges. 
24 Other proxies for speculation are the percent net long positions held by noncommercial traders and by index traders, and 

Working’s T speculative index (Sanders, Irwin, and Merrin 2010; Lehecka 2013), although not available at high frequency for 

our analysis. 
25 The variables not integrated of order zero were appropriately adjusted. In particular, the oil price, exchange rate, and stock 
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Figures A.3 and A.4, in turn, present the corresponding impulse-response functions and dynamic 

conditional correlations. Several of the additional variables generally have a statistically significant and 

expected effect on agricultural price returns, especially on a daily level as compared with a weekly or 

monthly level. Changes in oil prices and the US dollar depreciation seem to be positively correlated with 

changes in agricultural prices; the former is explained by higher input and transportation costs resulting 

from higher oil prices, while the latter is likely explained by the fact that a depreciation of the dollar 

increases the demand in the rest of the world, hence inducing an increase in commodity prices in US 

dollars (Dornbusch 1985). An increase in the stock price index, which serves as a proxy of returns in 

financial markets, is positively associated with an increase in commodity prices. Changes in the interest 

rate and the proxies for speculation, in contrast, do not seem to have a significant effect on variations in 

agricultural prices. 

More important, the resulting cross-dynamics and interdependence in conditional volatilities 

across markets are qualitatively similar to our base results, where we do not include additional variables 

in the mean equation. In particular, we still do not find volatility interactions on a daily level (see Figure 

A.3). At the weekly level, a shock in the wheat market affects the conditional volatility of returns in both 

corn and soybean markets, although to a lower degree (a 1 percent increase in the volatility of wheat 

results in a 0.5 percent initial increase in the volatility of corn and soybeans); a shock in the corn market 

affects in this case only the wheat market (0.4 percent initial increase), while a shock in soybeans again 

has a minor impact on corn (0.2 percent initial increase). At the monthly level, the volatility interactions 

further confirm the major role of wheat in terms of volatility spillovers to other markets. The estimated 

dynamic conditional correlations, shown in Figure A.4, also reveal that the level of market 

interdependence between corn, wheat, and soybean markets in recent years is similar to the levels 

observed in the late 1990s. While the frequency of our data does not permit us to account for more 

structural variables, like harvest and inventory levels, which are available on a lower frequency basis, this 

exercise provides additional support to our main results. 

Overall, the additional estimations performed help to corroborate our central findings concerning 

the dynamics of volatility between agricultural commodities in the United States on a daily, weekly, and 

monthly basis; the leading role of wheat (and corn); and that the degree of interdependence between 

markets has not necessarily increased in recent years, although we also observe volatility spillovers on a 

daily basis in recent years as opposed to before 2008. 

                                                                                                                                                                           
index are transformed to returns while the interest rate is included in first differences. The SBIC also indicates lack of lagged 

effects of these variables on agricultural price returns. The exchange rate and SP500 are excluded from the T-DCC monthly 

estimations due to lack of model convergence when included. 
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5.  CONCLUDING REMARKS 

Agricultural commodity markets are interrelated because they are generally close substitutes in demand, 

have similar input costs, compete for limited natural resources, and share common market information. 

Herd and speculative behavior in financial agricultural markets could further increase the 

interdependencies between crop prices. In contrast to most previous studies that focus mainly on price-

level co-movements across commodities, this study examines the level of interdependence and volatility 

transmission between corn, wheat, and soybeans in the United States using an MGARCH approach. 

Focusing on the second moment can provide additional insights into the dynamic interrelation between 

markets. In our analysis we use daily, weekly, and monthly data to see whether interdependencies in 

volatility differ among data frequencies. This is relevant because herd and speculative behavior are 

associated with daily data, whereas volatility interdependencies in weekly or monthly data could signal 

structural causes.  

The estimation results indicate that price returns in corn, wheat, and soybean markets do not seem 

to be related at the mean level. We do find, however, important volatility spillovers across commodities, 

especially on a weekly and monthly basis. In particular, wheat, and to a lesser extent corn, plays a major 

role in terms of volatility spillover effects; that is, shocks or innovations in wheat (corn) price returns 

have important cross-volatility spillovers. Our quantitative work provides the following volatility 

transmission estimates: (1) A shock in the wheat market has a high volatility transmission effect on corn 

and soybean markets, in both cases at least equal to or even much higher than the impact on its own 

volatility, and the evidence suggests that the transmission is somehow higher on soybeans than on corn; 

(2) a shock in the corn market has an impact on the volatility in soybeans that is similar in size to the 

impact on its own volatility, while the impact on the wheat volatility is lower (about one-third of the 

impact on its own volatility); and (3) volatility transmission from soybeans to both corn and wheat is low 

and generally no more than half the impact on its own volatility. 

For daily returns we do not find significant evidence of volatility spillovers across markets when 

using our full sample period (1998–2012). It might be that volatility transmission effects on a daily basis 

are small enough to generate significant statistical evidence. However, after we divide our sample in two 

subperiods, interestingly we do find volatility interactions in the period 2008–2012, especially from wheat 

and corn to the other markets, which is similar to the evidence found with weekly and monthly returns. If 

daily interactions are more likely driven by financial transactions in agricultural markets, these results 

might suggest that only recently financial activity has contributed to daily volatility transmission effects 

across agricultural markets. Yet, this evidence is not supported by our T-DCC results, which do not 

indicate any increasing trend in the conditional correlations between commodities on a daily basis. We 

also do not find an increase in the level of interdependence (correlations) across markets on a weekly and 

monthly basis. 

Overall, despite the so-called financialization of agricultural markets in the past decade and the 

higher volume of agricultural futures contracts traded in major exchanges, little evidence exists to show 

that this has contributed in stimulating a higher co-movement in conditional returns and volatilities 

between agricultural commodities. The fact that we find volatility interactions only in weekly and 

monthly returns, but not in daily returns, suggests that the former interactions are less likely driven by 

herding or speculative behavior but instead could be better explained by more fundamental factors such as 

interdependence across input and output markets and demand substitution. Future research should further 

explore the underlying factors driving these volatility spillovers across commodities, which also differ 

when considering different time spans.  
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APPENDIX: SUPPLEMENTARY RESULTS 

Table A.1 Sample (unconditional) standard deviations and estimated steady-state standard 

deviations 

Commodity Steady-state standard deviation Sample (unconditional) standard deviation 

  Daily Weekly Monthly Daily Weekly Monthly 

Corn 1.150 1.910 3.557 1.902 4.331 8.575 

Wheat 1.019 3.341 3.978 2.519 5.161 10.211 

Soybeans 0.835 1.550 4.516 1.676 3.825 8.654 

Source:  Author’s calculations. 

Note:  Standard deviations from steady state result from solving the following system: HGGCCH ''  , based on the 

estimated parameters of equation (2).  

Table A.2 Estimation results of T-BEKK model, subsample periods 

Coefficient Jan 5, 1998 – Feb 21, 2008 Jan 20, 2009 – Oct 31, 2012 

 
Corn Wheat Soybeans Corn Wheat Soybeans 

  (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) 

  Conditional mean equation 

0 0.011 –0.009 0.032 0.054 0.037 0.083 

 
(0.027) (0.036) (0.025) (0.061) (0.087) (0.049) 

  Conditional variance–covariance equation 

ci1 0.310 –0.043 0.052 0.414 0.191 0.238 

 
(0.059) (0.218) (0.045) (0.126) (0.220) (0.064) 

ci2 
 

0.181 0.147 
 

0.398 –0.057 

  
(0.102) (0.339) 

 
(0.111) (0.066) 

ci3 
  

–0.084 
  

0.021 

   
(0.077) 

  
(0.038) 

ai1 0.215 –0.094 –0.007 0.147 –0.115 –0.024 

 
(0.043) (0.023) (0.041) (0.120) (0.166) (0.055) 

ai2 0.010 0.166 0.029 –0.098 0.121 –0.026 

 
(0.011) (0.059) (0.016) (0.043) (0.063) (0.017) 

ai3 –0.020 –0.014 0.156 0.173 0.010 0.231 

 
(0.088) (0.101) (0.121) (0.091) (0.043) (0.039) 

gi1 0.961 0.063 0.013 0.924 –0.055 –0.013 

 
(0.014) (0.041) (0.040) (0.029) (0.038) (0.015) 

gi2 –0.007 0.966 –0.013 0.062 0.988 0.001 

 
(0.011) (0.009) (0.010) (0.019) (0.021) (0.011) 

gi3 0.007 –0.012 0.978 –0.037 0.073 0.976 

  (0.012) (0.038) (0.054) (0.019) (0.019) (0.014) 

v 
  

6.094 
  

6.295 

      (0.443)     (0.661) 

Wald joint test for cross-volatility coefficients (H0: aij=gij=0, "i≠j) 

Chi-square 
  

39.560 
  

47.366 

p-value 
  

0.000 
  

0.000 
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Table A.2 Continued 

Coefficient Jan 5, 1998 – Feb 21, 2008 Jan 20, 2009 – Oct 31, 2012 

 
Corn Wheat Soybeans Corn Wheat Soybeans 

  (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) 

Wald test for block-exogeneity in variance of corn (H0: a1j=g1j=0, j=2,3) 
  Chi-square 

 
0.798 2.166 

 
10.766 6.290 

p-value 
 

0.671 0.339 
 

0.005 0.043 

Wald test for block-exogeneity in variance of wheat (H0: a2j=g2j=0, j=1,3) 

  Chi-square 18.004 
 

11.403 11.644 
 

15.712 

p-value 0.000 
 

0.003 0.003 
 

0.000 

Wald test for block-exogeneity in variance of soybeans (H0: a3j=g3j=0, j=1,2) 
  Chi-square 0.345 13.610 

 
1.544 3.136 

 p-value 0.842 0.001   0.462 0.209   

Ljung–Box  (LB) test for autocorrelation (H0: no autocorrelation in squared residuals) 

LB(5) 15.517 20.747 10.395 8.656 8.644 13.910 

p-value 0.008 0.001 0.065 0.124 0.124 0.016 

LB(10) 16.165 22.793 15.054 11.780 11.299 15.773 

p-value 0.095 0.012 0.130 0.300 0.335 0.106 

Lagrange multiplier (LM) test for ARCH residuals (H0: no serial correlation in squared residuals) 

LM(5) 15.613 20.276 9.819 8.976 8.610 16.381 

p-value 0.008 0.001 0.081 0.110 0.126 0.006 

LM(10) 16.383 22.420 13.931 12.217 11.603 18.581 

p-value 0.089 0.013 0.176 0.271 0.312 0.046 

Hosking multivariate portmanteau (M) test for cross-correlation (H0: no cross-correlation in squared 
residuals) 

M(5) 
  

63.356 
  

65.392 

p-value 
  

0.037 
  

0.025 

M(10) 
  

102.578 
  

98.991 

p-value     0.172     0.242 

Log likelihood 
  

–31,460.1 
  

–5,649.9 

SBIC 
  

24.8 
  

12.0 

# observations     2,547     956 

Source:  Author’s calculations. 

Note:  T-BEKK = Baba, Engle, Kroner and Kraft; ARCH = Autoregressive Conditional Heteroskedasticity; SBIC = Schwarz’s 

Bayesian information criterion. Standard errors reported in parentheses. Number of lags determined according to SBIC. 

ν is the degrees of freedom parameter.  
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Table A.3 Test for correct specification of conditional covariance matrix of T-BEKK and T-DCC 

models based on Long, Su, and Ullah (2011) 

Frequency T-BEKK model T-DCC model 

 
Test statistic p-value Test statistic p-value 

 
H0: Conditional covariance matrix is correctly specified 

Daily 0.854 0.545 0.425 0.622 

Weekly 1.862 0.381 0.651 0.609 

Monthly –0.015 0.612 0.926 0.318 

Source:  Author’s calculations. 

Note: T-BEKK = Baba, Engle, Kroner and Kraft; T-DCC = Dynamic Conditional Correlation. Test based on 299 bootstrap 

replications.  
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Table A.4 Estimation results of T-BEKK model, including additional regressors in mean equation 

Coefficient Daily returns Weekly returns Monthly returns 

 
Corn Wheat Soybeans Corn Wheat Soybeans Corn Wheat Soybeans 

  (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) 

  Conditional mean equation 

0 –0.036 –0.107 –0.211 0.003 –0.657 –1.291 2.612 –0.708 –6.209 

 
(0.112) (0.149) (0.098) (0.704) (0.843) (0.612) (3.741) (4.465) (3.728) 

Oil 0.115 0.149 0.119 0.115 0.136 0.085 0.075 0.075 0.012 

 
(0.012) (0.016) (0.010) (0.028) (0.033) (0.024) (0.062) (0.074) (0.062) 

Exchange rate 0.352 0.440 0.359 0.407 0.519 0.477 0.528 0.842 0.422 

 
(0.052) (0.069) (0.046) (0.116) (0.139) (0.101) (0.257) (0.307) (0.256) 

Interest rate 0.728 0.507 1.510 1.062 3.176 2.626 –1.237 –4.618 1.535 

 
(0.551) (0.731) (0.479) (1.357) (1.624) (1.179) (2.959) (3.532) (2.949) 

SP500 0.096 0.126 0.103 0.181 0.086 0.191 0.331 0.239 0.407 

 
(0.023) (0.031) (0.020) (0.059) (0.070) (0.051) (0.134) (0.160) (0.133) 

Corn vol/open 0.009 0.000 0.006 0.032 0.006 0.026 0.176 0.035 0.086 

 
(0.005) (0.007) (0.005) (0.034) (0.041) (0.030) (0.174) (0.207) (0.173) 

Wheat vol/open –0.001 0.008 0.004 0.009 0.055 0.045 0.032 0.240 0.351 

 
(0.004) (0.006) (0.004) (0.028) (0.034) (0.025) (0.150) (0.179) (0.150) 

Soybeans vol/open –0.003 –0.001 0.001 –0.023 –0.017 –0.002 –0.207 –0.159 –0.080 

 
(0.004) (0.005) (0.003) (0.023) (0.028) (0.020) (0.123) (0.146) (0.122) 

  Conditional variance–covariance equation 

ci1 0.262 –0.021 0.109 1.116 0.032 0.750 6.354 3.990 2.779 

 
(0.050) (0.012) (0.037) (0.349) (0.231) (0.278) (0.634) (1.458) (0.575) 

ci2 
 

0.257 0.133 
 

0.418 0.783 
 

0.001 –0.004 

  
(0.071) (0.043) 

 
(0.249) (0.274) 

 
(0.071) (0.037) 

ci3 
  

0.164 
  

–0.011 
  

0.000 

   
(0.033) 

  
(0.010) 

  
(0.096) 

ai1 0.193 –0.051 0.000 0.321 –0.053 0.142 –0.429 –0.019 –0.173 

 
(0.025) (0.026) (0.013) (0.133) (0.054) (0.225) (0.156) (0.084) (0.197) 

ai2 –0.023 0.191 0.010 –0.020 0.119 –0.064 0.028 –0.214 –0.140 

 
(0.018) (0.026) (0.006) (0.098) (0.095) (0.156) (0.094) (0.083) (0.118) 

ai3 0.021 –0.002 0.193 –0.033 0.060 0.294 –0.174 0.046 0.178 

 
(0.021) (0.013) (0.022) (0.137) (0.083) (0.094) (0.112) (0.128) (0.145) 
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Table A.4 Continued 

Coefficient Daily returns Weekly returns Monthly returns 

 
Corn Wheat Soybeans Corn Wheat Soybeans Corn Wheat Soybeans 

  (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) 

gi1 0.968 0.023 0.005 0.872 –0.024 –0.078 –0.276 0.296 –0.509 

 
(0.009) (0.008) (0.006) (0.087) (0.025) (0.116) (0.180) (0.242) (0.201) 

gi2 0.010 0.973 –0.003 0.070 1.011 0.061 0.281 0.010 0.780 

 
(0.005) (0.007) (0.002) (0.054) (0.024) (0.076) (0.127) (0.042) (0.070) 

gi3 –0.007 –0.009 0.968 0.006 –0.050 0.893 –0.138 –1.311 –0.294 

  (0.006) (0.003) (0.008) (0.060) (0.059) (0.041) (0.181) (0.177) (0.179) 

Ν 
  

6.309 
  

10.039 
  

10.091 

      (0.355)     (2.091)     (4.324) 

Wald joint test for cross-volatility coefficients (H0: aij=gij=0, "i≠j) 
     Chi-square 

  
190.552 

  
25.697 

  
10,356.563 

p-value 
  

0.000 
  

0.012 
  

0.000 

Wald test for block-exogeneity in variance of corn (H0: a1j=g1j=0, j=2,3) 
    Chi-square 

 
3.998 1.722 

 
4.524 0.209 

 
4.935 5.696 

p-value 
 

0.136 0.423 
 

0.104 0.901 
 

0.085 0.058 

Wald test for block-exogeneity in variance of wheat (H0: a2j=g2j=0, j=1,3) 
    Chi-square 9.130 

 
9.974 4.245 

 
0.712 1.885 

 
55.356 

p-value 0.010 
 

0.007 0.120 
 

0.701 0.390 
 

0.000 

Wald test for block-exogeneity in variance of soybeans (H0: a3j=g3j=0, j=1,2) 
    Chi-square 0.910 3.331 

 
0.448 1.664 

 
8.309 139.823 

 p-value 0.634 0.189   0.799 0.435   0.016 0.000   

Ljung–Box (LB) test for autocorrelation (H0: no autocorrelation in squared residuals) 

LB(5) 14.963 14.700 11.168 9.309 4.909 1.737 2.891 3.058 19.131 

p-value 0.011 0.012 0.048 0.097 0.427 0.884 0.717 0.691 0.002 

LB(10) 15.331 16.999 13.270 15.461 10.390 15.141 3.897 7.974 20.797 

p-value 0.120 0.074 0.209 0.116 0.407 0.127 0.952 0.631 0.023 

Lagrange multiplier (LM)test for ARCH residuals (H0: no serial correlation in squared residuals) 
  LM(5) 14.620 13.508 9.620 9.652 4.524 1.648 2.905 2.750 20.284 

p-value 0.012 0.019 0.087 0.086 0.477 0.895 0.715 0.738 0.001 

LM(10) 15.055 15.678 12.093 16.254 9.500 14.615 3.662 7.668 20.160 

p-value 0.130 0.109 0.279 0.093 0.485 0.147 0.961 0.661 0.028 
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Table A.4 Continued 

Coefficient Daily returns Weekly returns Monthly returns 

 
Corn Wheat Soybeans Corn Wheat Soybeans Corn Wheat Soybeans 

  (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) 

Hosking (M) multivariate portmanteau test for cross-correlation (H0: no cross-correlation in squared residuals) 
 M(5) 

  
48.785 

  
46.382 

  
46.506 

p-value 
  

0.323 
  

0.415 
  

0.410 

M(10) 
  

110.874 
  

105.554 
  

84.724 

p-value     0.067     0.126     0.637 

Log likelihood 
  

–46,964.6 
  

–6,222.2 
  

–1,767.4 

SBIC 
  

25.2 
  

16.3 
  

20.7 

# observations     3,732     773     177 

Source:  Author’s calculations. 

Note:  SP500 = Standard and Poor’s 500 stock price index; vol = volume; T-BEKK = Baba, Engle, Kroner and Kraft; ARCH = Autoregressive Conditional Heteroskedasticity; 

SBIC = Schwarz’s Bayesian information criterion. Standard errors reported in parentheses. Number of lags determined according to SBIC. ν is the degrees of freedom 

parameter.  
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Table A.5 Estimation results of T-DCC model, including additional regressors in mean equation 

Coefficient Daily returns Weekly returns Monthly returns 

 
Corn Wheat Soybeans Corn Wheat Soybeans Corn Wheat Soybeans 

  (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) 

  Conditional mean equation 

0 –0.006 –0.020 –0.109 –0.447 –0.524 –1.025 4.433 1.104 –5.021 

 
(0.114) (0.144) (0.103) (0.701) (0.803) (0.557) (4.363) (4.672) (3.374) 

Oil 0.085 0.102 0.084 0.069 0.101 0.053 0.110 0.117 0.090 

 
(0.012) (0.014) (0.010) (0.022) (0.032) (0.020) (0.062) (0.063) (0.049) 

Exchange rate 0.264 0.339 0.308 0.314 0.423 0.478 
   

 
(0.052) (0.071) (0.045) (0.118) (0.174) (0.096) 

   Interest rate 0.840 –0.026 0.647 0.636 2.232 0.730 1.704 –1.819 3.823 

 
(0.610) (0.804) (0.516) (1.583) (1.666) (1.134) (3.373) (3.315) (2.648) 

SP500 0.088 0.102 0.108 0.139 0.064 0.213 
   

 
(0.024) (0.032) (0.018) (0.055) (0.077) (0.044) 

   Corn vol/open 0.012 –0.001 0.004 0.029 0.015 0.007 0.263 0.095 0.114 

 
(0.006) (0.007) (0.004) (0.031) (0.036) (0.025) (0.250) (0.173) (0.162) 

Wheat vol/open –0.003 0.005 0.002 0.002 0.054 0.026 0.076 0.213 0.222 

 
(0.004) (0.006) (0.003) (0.025) (0.036) (0.022) (0.164) (0.154) (0.153) 

Soybeans vol/open –0.004 –0.002 0.001 –0.001 –0.024 0.016 –0.358 –0.236 –0.047 

 
(0.004) (0.005) (0.004) (0.022) (0.026) (0.019) (0.175) (0.156) (0.121) 

  Conditional variance–covariance equation 

wi 0.092 0.067 0.056 1.185 0.414 0.706 120.790 2.692 12.028 

 
(0.038) (0.027) (0.024) (0.627) (0.543) (0.344) (21.532) (2.231) (8.515) 

ai 0.056 0.044 0.071 0.155 0.035 0.153 0.117 0.093 0.209 

 
(0.012) (0.009) (0.016) (0.038) (0.025) (0.026) (0.063) (0.032) (0.167) 

bi 0.918 0.945 0.908 0.785 0.949 0.801 –0.874 0.881 0.634 

  (0.021) (0.012) (0.023) (0.056) (0.044) (0.042) (0.202) (0.035) (0.196) 

A 

  
0.023 

  
0.019 

  
0.017 

   
(0.007) 

  
(0.007) 

  
(0.017) 

B 
  

0.934 
  

0.966 
  

0.915 

   
(0.029) 

  
(0.022) 

  
(0.068) 

Ν 

  
6.660 

  
10.588 

  
10.847 

      (0.322)     (1.976)     (3.530) 
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Table A.5 Continued 

Coefficient Daily returns Weekly returns Monthly returns 

 
Corn Wheat Soybeans Corn Wheat Soybeans Corn Wheat Soybeans 

  (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) (i=1) (i=2) (i=3) 

Wald joint test for adjustments coefficients (H0: a=b=0) 
      Chi-square 

  
8,501.5 

  
6,954.9 

  
176.9 

p-value     0.000     0.000     0.000 

Ljung–Box (LM) test for autocorrelation (H0: no autocorrelation in squared residuals) 

LB(5) 15.578 17.713 9.819 2.828 4.858 0.502 0.654 2.169 9.504 

p-value 0.008 0.003 0.081 0.726 0.433 0.992 0.985 0.825 0.091 

LB(10) 16.727 20.082 14.876 9.106 11.765 7.638 5.534 12.765 16.674 

p-value 0.081 0.028 0.137 0.522 0.301 0.664 0.853 0.237 0.082 

Lagrange multiplier (LM) test for ARCH residuals (H0: no serial correlation in squared residuals) 

LM(5) 15.247 17.808 10.116 2.876 4.540 0.492 0.555 2.102 9.711 

p-value 0.009 0.003 0.072 0.719 0.475 0.992 0.990 0.835 0.084 

LM(10) 16.445 21.662 14.795 9.263 10.966 7.500 4.945 11.525 17.520 

p-value 0.088 0.017 0.140 0.507 0.360 0.678 0.895 0.318 0.064 

Hosking (M) multivariate portmanteau test for cross-correlation (H0: no cross-correlation in squared residuals) 

M(5) 

  

56.200 

  

40.040 

  

40.310 

p-value 

  

0.122 

  

0.682 

  

0.671 

M(10) 

  

111.145 

  

106.875 

  

110.337 

p-value     0.065     0.108     0.072 

Log likelihood 

  

–21,153.6 

  

–6,224.3 

  

–1,797.2 

SBIC 

  

11.4 

  

16.4 

  

21.3 

# observations     3,732     773     177 

Source:  Author’s calculations. 

Note:  T-BEKK = Baba, Engle, Kroner and Kraft; SP500 = Standard and Poor’s 500 stock price index; vol = volume; ARCH = Autoregressive Conditional Heteroskedasticity; 

SBIC = Schwarz’s Bayesian information criterion. Standard errors reported in parentheses. Number of lags determined according to SBIC. ν is the degrees of freedom 

parameter. The exchange rate and SP500 are excluded from the monthly estimations due to lack of convergence in the model when included.  
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Figure A.1 Structural break tests on squared returns based on Lavielle and Moulines (2000) 

 

 

 
Source:  Author’s calculations. 

Note: Structural break tests based on squared returns as a proxy of volatility. The vertical lines show the estimated break dates, 

which represent the estimated change-points on each corresponding series using a minimum penalized contrast. 
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Figure A.2 Impulse-response functions on conditional volatility, subsample periods 

Daily, period Jan 5, 1998 – Feb 21, 2008 

 

 
 

Daily, period Jan 20, 2009 – Oct 31, 2012 

 

 
Source:  Author’s calculations. 

Note: The responses are the result of an innovation that results in a 1% increase in the own conditional volatility of the market 

where the innovation first occurs. The responses are normalized by the size of the original shock. Simulations based on 

Baba, Engle, Kroner and Kraft (T-BEKK) model estimation results. 

  



33 

 

Figure A.3 Impulse-response functions on conditional volatility, including additional regressors in 

mean equation 

Daily 

 

 
 

Weekly 

 

 
 

Monthly 

 

 
Source:  Author’s calculations. 

Note:  The responses are the result of an innovation that results in a 1% increase in the own conditional volatility of the market 

where the innovation first occurs. The responses are normalized by the size of the original shock. Simulations based on 

Baba, Engle, Kroner and Kraft (T-BEKK) model estimation results. 
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Figure A.4 Dynamic conditional correlations, including additional regressors in mean equation 

Daily 

 

 
 

Weekly 

 

 
 

Monthly 

 

 
Source:  Author’s calculations. 

Note:  The dynamic conditional correlations are derived from the Dynamic Conditional Correlation (T-DCC) model estimation 

results. The solid line is the estimated constant conditional correlation following Bollerslev (1990), with confidence 

bands of one standard deviation. 
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