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A B S T R A C T

This paper investigates the level of pairwise dynamic 
correlations between prices of four agricultural 
commodities – corn, wheat soybean and barley that are 
traded in Novi Sad commodity exchange market. We use 
DCC-GARCH model, which is specially designed for this 
type or research. The results of the estimated dynamic 
conditional correlations show that low and positive 
correlation exist between all the pairs of the selected 
agricultural commodities, where the highest correlation 
is recorded between wheat and barley (24%), corn-barley 
pair follows (20%), while all other dynamic correlations 
are below 20%. The results indicate that price movements 
of the selected agricultural cereals are independent, which 
means that price discovery of one agricultural commodity 
does not provide information about the price of another 
agricultural commodity. Therefore, our results strongly 
suggest that traders in this market do not rely on the price 
co-movements between particular agricultural assets when 
they plan their selling or buying strategies, but to analyze 
fundamental macroeconomic factors.
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Introduction

Generally speaking, agricultural commodities are closely connected due to numerous 
reasons. It can be said that these commodities are close substitutes in demand, their 
production costs are similar and they compete for limited natural resources. In addition, 
increased financialization of agricultural markets in recent decades, in a form of herd 
and speculative behaviour, further enhanced interdependence between crop prices. 
Dawson and White (2002) listed several reasons why commonality between commodity 
futures (or cash) prices arises. They asserted that macroeconomic fundamentals, such as 
aggregate demand, inflation, and interest rates, are common factors in determination of 
commodity prices. Secondly, high correlations between prices of similar commodities 
may exist because some of them are substitutes or complements in supply or demand. 
de Nicola et al. (2016) contended that academics and policy makers have an interest to 
analyse agricultural commodity price co-movements due to potentially large welfare 
and policy implications. They explained that the presence of synchronized changes in 
the behaviour of agricultural commodity prices may cast doubts on the competitiveness 
and efficiency of these markets. Similarly, farmers that grow multiple crops may face 
themselves with strong income fluctuations owing to the synchronized changes in 
agricultural prices. As for countries which are dependent on import of agricultural 
commodities, a simultaneous increase in several commodity prices may generate 
inflation pressures in these economies, while agricultural commodity exporting 
countries may experience high volatilities in their export incomes. 

Serbia is a country with relatively significant production in agricultural sector, which 
particularly applies for autonomous province of Vojvodina. According to Gulan 
(2014), the weight of agricultural production in Serbian GDP is relatively high, ranging 
between 11.8%-15.5% in the period 2002-2012. Đurić et al. (2017) and Marković et al. 
(2019) added that agricultural and food sector has an important role in the economic 
development of the Republic of Serbia, significantly participating in the structure of 
domestic exports. Having in mind aforementioned, this paper tries to determine a level 
of dynamic correlations between prices of four cereals – corn, wheat, soybean and 
barley, which are traded in commodity exchange market in Novi Sad. Several motives 
prompted us to do this research. Firstly, according to Li and Lu (2012), studies on 
correlation and cross-correlation in agricultural markets are rare in general, while most 
of them are related to North American futures contracts. To the best of our knowledge, 
none of the extant papers have tried to measure correlation between agricultural 
products traded in Serbian commodity exchange market, and this paper tries to fill this 
gap. The second motive is more practical. Namely, dynamic correlation coefficients 
gauge mutual correlation of two assets throughout the particular period and they are 
time-varying. This means that these measures carry significantly more information than 
Pearson correlation coefficient that is static by nature, and as such can offer only one 
average value of correlation for entire period. In addition, it is highly unlikely to assume 
that correlation is unchangeable throughout the time (see e.g. Onay and Ünal, 2012). 
Therefore, having on disposal a data about dynamic correlation is important for various 
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reasons. First of all, dynamic mutual correlation is a primary input in the construction 
of risk-minimizing portfolio (seе e.g. Lee et al., 2014; Asai, 2013; Kang and Yoon, in 
press). Even more importantly, dynamic correlation can provide useful information 
for Serbian farmers in a sense that existence of high positive correlation between two 
agricultural commodities would imply that rise (fall) of one agricultural product means 
rise (fall) of the other one in some time in the future, and vice-versa. This type of 
knowledge is very useful for agricultural producer when they make their decisions 
about when to sell their annual harvests. Figure 1 shows empirical dynamics of the 
selected cereals, and it can be seen that prices of these agricultural commodities are 
pretty much volatile, but visually, they follow relatively common dynamics. Therefore, 
the task of this paper is to determine how much price movements of these cereals are 
synchronized, i.e. whether visual price harmonization that can be seen in Figure 1 is 
supported by calculated dynamic correlation coefficients.   

Figure 1. Empirical dynamics of the selected cereals

 

Source: Authors’ calculations

In order to calculate pairwise dynamic correlations between the selected cereals, we use 
complex and sophisticated methodology – bivariate Dynamic Conditional Correlation 
Generalized Autoregressive Conditional Heteroscedasticity model (DCC-GARCH) 
developed by Engle (2002). More precisely, we want to measure dynamic correlations 
as accurate as possible, so we, firstly, try to determine the best fitting DCC model. In 
that process, we estimate DCC-GARCH and DCC-EGARCH models, in combination 
with normal and Student t multivariate distributions. The former model is symmetric 
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in the variance, while the latter model can measure asymmetric effect in the variance. 
The best fitting model is selected by Akaike information criterion, and this model 
is used subsequently to extract the dynamic conditional correlations. We apply this 
methodology, because Milani and Ceretta (2014) asserted that correlation is perhaps 
the most traditional way of measuring the association between two variables, whereas 
Živkov et al. (2016) contended that it could indicate a more direct interdependence 
between these two assets. Many recent papers found very appealing DCC-GARCH 
model for their researches (see e.g. Jones and Olson, 2013; Singhal and Ghosh, 2016; 
Hou and Li, 2016; Jiang et al., 2019).

Besides introduction, the rest of the paper has the following structure. Second section 
gives an overview of the existing literature. Third section explains used methodology. 
Fourth section presents dataset and descriptive statistics. Fifth section presents research 
results. Sixth section is reserved for the discussion of the results, while the last section 
concludes.          

Literature review
Referring to Boroumand et al. (2014), very few academic papers investigated mutual 
correlation between agricultural commodities, and this section presents the findings 
of some papers that did this type of research. For instance, Gardebroek et al. (2016) 
employed a multivariate GARCH approach to assess the time evolution of conditional 
correlations and volatility transmission across corn, wheat, and soybeans price returns 
on a daily, weekly, and monthly basis. They claimed that daily interactions are probably 
driven by financial transactions in agricultural markets. However, they asserted that this 
evidence is not supported by increasing trend in the conditional correlations between 
commodities on a daily basis, whatsoever. Similar results, regarding interdependence 
(conditional correlations) between markets, they reported on a weekly and monthly 
basis. The paper of Bonato (2019) studied the dynamics of price correlations and 
spillover effects in the commodity market, considering the interaction within soft 
and grain commodities and between these commodities and oil. They found that soft 
commodities were segmented prior to 2008 and became correlated thereafter, but they 
claimed that the nature of the increase in correlation is only temporary. On the other 
hand, they reported significant and positive correlations within grains. The paper of 
Baffes and Haniotis (2016) considered arguments that cause the agricultural price 
cycle. Their research focused on six agricultural commodities (maize soybeans, wheat, 
rice, palm oil and cotton) in order to identify the key quantifiable drivers of their prices. 
They found that increases in real income negatively affect real agricultural prices, which 
is consistent with the Engel’s Law. Energy prices affect agricultural commodities the 
most, which is expected, taking into account the energy-intensive nature of agriculture 
production. Stock-to-use ratios and ex-change rate movements have a lesser extent 
on agricultural commodities. The cost of capital influences prices only marginally, 
probably because it not only influences demand, but also evokes a supply response.

Li and Lu (2012) examined the cross-correlation properties of agricultural futures 
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markets (soy bean, wheat, soy meal and corn) between the US and China. Their results 
showed that the cross-correlations between the two geographically distant markets 
for the selected agricultural commodities futures are significantly multifractal. In 
addition, they discovered that the cross-correlations in the short term are more strongly 
multifractal, but they are weakly in the long term. Dawson and White (2002) investigated 
interdependencies between several agricultural futures contracts – barley, cocoa, coffee, 
sugar and wheat on the LIFFE exchange market. Since barley and wheat are substitutes 
in demand and supply, they expected for these two to be related, while other pair-
wise combinations are expected to be unrelated because they are neither complements 
nor substitutes. However, their results indicated that the prices of agricultural futures 
contracts are independent. In other words, there are no interdependencies between any 
two prices, that is, price discovery of one contract provides no information about others. 
The paper of Boroumand et al. (2014) researched the correlation structures of a large 
panel of agricultural commodities prices (cocoa, cotton, palm oil, hides of cattle, soya 
beans, corn, sugar and beef), covering the period between January 1990 and February 
2014. They concluded that strong correlation exists between prices of palm oil, soya 
beans and corn. On the other hand, their findings suggested that prices of beef, sugar 
and cocoa are completely independent.

Methodology

For the construction of dynamic correlations, we use bivariate DCC model of Engle 
(2002). In particular, in order to be as accurate as possible in the estimation process, we 
consider two univariate GARCH specifications – simple GARCH(1,1) and asymmetric 
EGARCH(1,1) models, along with two multivariate distributions – normal and Student 
t. The univariate GARCH(1,1) and EGARCH(1,1) processes in the DCC framework 
have the form as in the equations (1) and (2), respectively:

  , (1)

  , (2)

where  is a conditional variance of the particular agricultural asset, whereas  describes 
squared residuals of the univariate GARCH models.  

Symbol  denotes constant term,  parameter captures the persistence of volatility,  

gauges an ARCH effect, while  is the coefficient that measures asymmetric response 
of volatility to positive and negative shocks.

In order to avoid autocorrelation bias, all mean equations are estimated in the 
autoregression form of order 1, i.e. AR(1). DCC model of Engle (2002) involves two-
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stage estimation procedure of the conditional covariance matrix ( ). In the first stage, 
each pair of considered agricultural commodities is estimated via GARCH or EGARCH 

models, and subsequently estimates of standard deviations, , are acquired. In the 

second step, asset-return residuals are standardized, i.e. 
, 

where the 

 is then used to estimate the parameters of the conditional correlation. According 

to Engle (2002) procedure, the multivariate conditional variance is specified as

. 
Where

 
and  represents the

 
conditional variance, which is obtained from some form of a univariate GARCH model 
in the first stage. The evolution of correlation in the DCC model is presented as:

  , (3)

where a and b are nonnegative scalar parameters of DCC(1,1) model under condition 
a + b < 1. These parameters measure the effects of previous shocks and previous 
dynamic conditional correlations on current dynamic conditional correlations, 

respectively. Symbol  describes n × n time-varying covariance matrix of 

residuals, where i ≠ j in our bivariate model, and n equals two. Symbol  

signifies a n × n time-invariant variance matrix of .  does not have unit elements 
on the diagonal, so it is scaled to obtain proper correlation matrix (Ct) according to the 
following form:

  (4)

Accordingly, the element of Ct looks like:

   
(5)

where i ≠ j and in our bivariate model n is equal to 2. All DCC models were 
estimated by quasi maximum likelihood (QMLE) technique, which allows 
asymptotically consistent parameter estimates even if the underlying distribution 
is not normal, as asserted by Bollerslev and Wooldridge (1992).
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Dataset

This paper uses daily prices of four agricultural cereals – corn, wheat, soybean 
and barley, which are traded in commodity exchange market in Novi Sad. We 
observe relatively long time-period, from March 2010 to March 2020. All empirical 
agricultural time-series are transformed into log-returns according to the expression 

, where  denotes the closing prices of the selected assets. 
However, significant shortcoming of these data is the fact that they are not characterized 
by continuous trading, that is, trading process took place in limited number of days 
every month, in most 10 days. Also, during one trading day, several transactions were 
made at different prices. Therefore, we invest a lot of work in order to make usable 
these data for the software in which calculation were done5. In other words, before 
computational process, we have to calculate average weighted price for every single 
day in which several transactions were made at different prices. In this way, we get only 
one trading price per day, throughout the observed sample of 11 years. 

After these settings, all agricultural time-series are synchronized according to the 
existing daily observations, because trading process in commodity market took place 
in different days for different cereals. More precisely, after synchronization, following 
synchronized pairs – corn-wheat, corn-soybean, corn-barley, wheat-soybean, wheat-
barley and soybean-barley have 1964, 1492, 563, 1298, 478 and 370 daily observations, 
respectively. It can be noticed that pairs with barley have the lowest number of 
observations, and the reason lies in the fact that trading with barley happened in the 
least number of days. Table 1 contains descriptive statistics of log-returns of the selected 
agricultural commodities, i.e. first four moments, Jarque-Bera test of normality, Ljung-
Box test statistics and augmented Dickey-Fuller test of stationarity. Figure 1 shows 
graphical illustrations of the agricultural log-returns.     

Table 1. Descriptive statistics of log-returns of the selected cereals

Mean Stan. 
dev. Skewness Kurtosis JB LB(Q) LB(Q2) ADF

Corn 0.019 2.721 0.287 36.210 90283.1 0.000 0.000 -64.386
Wheat 0.030 2.667 -0.968 27.083 47769.4 0.000 0.000 -15.729
Soybean 0.062 3.979 -1.847 21.736 5621.9 0.002 0.997 -15.439
Barley 0.138 5.074 -1.753 17.026 3222.2 0.153 0.753 -22.058

Notes: JB stands for Jarque-Bera coefficients of normality, LB(Q) and LB(Q2) tests denote 
p-values of Ljung-Box Q-statistics of level and squared residuals for 20 lags. 1% and 5% 
critical values for ADF test with 5 lags, assuming only constant, are -3.433 and -2.863, 

respectively.

Source: Authors’ calculations

5 We use OX metrics software for our computations. 
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According to Table 1, the riskiest agricultural commodity is barley, because it has the 
highest standard deviation. Most agricultural commodities have negative skewness, 
which means that most observations are placed left in regard to the mean, and all 
skewness values significantly deviate from zero, which is the value of the Gaussian 
distribution. Kurtosis value indicates the presence of fat tails, and it can be seen that 
all kurtosis values are very high, which means that extreme log-return measures are 
present. Figure 2 can verify this assertion. Both skewness and kurtosis coefficients 
significantly diverge from referent values of normal distribution, 0 and 3, which implies 
that none of the empirical agricultural commodities follow normal distribution. This is 
corroborated by the very high values of Jarque-Bera coefficients. The presence of serial 
correlation and heteroscedasticity in the empirical time-series is tested by Ljung-Box 
Q-statistics for level and squared residuals. All cereals, except barley, has the issue with 
autocorrelation, while corn and wheat have the problem with time-varying variance. 
These findings suggest that some form of ARMA-GARCH parameterization might be 
appropriate, because these models can resolve reported issues. In addition, spurious 
regression is evaded since ADF test suggests that all selected time-series do not contain 
unit root, i.e. all time-series are stationary.

Figure 2. Log-returns of the selected cereals

  

Source: Authors’ calculations



http://ea.bg.ac.rs 403

Economics of Agriculture, Year 69, No. 2, 2022, (pp. 395-410), Belgrade

Empirical results

This section presents the results of estimated DCC models and calculated dynamic 
correlations. As have been said earlier, in order to obtain reliable results, we strive to 
determine the best fitting model before calculation of dynamic correlations. Therefore, 
we choose between DCC-GARCH and DCC-EGARCH models in combination with 
multivariate normal and Student t distributions. The decisive criterion is the lowest 
Akaike information coefficient, and these values are presented in Table 2. 

Table 2. Calculated AIC values
Corn vs 
Wheat

Corn vs 
Soybean

Corn vs 
Barley

Wheat vs 
Soybean

Wheat vs 
Barley

Soybean vs
Barley

DCC-
GARCH

Normal 8.247 7.438 11.161 8.081 11.206 11.276
Student t 7.751 6.837 10.166 7.026 10.218 10.072

DCC-
EGARCH

Normal 8.291 7.396 11.641 8.064 11.501 11.702
Student t 7.812 6.855 10.968 7.118 10.510 10.519

Source: Authors’ calculations

We have six pairs because all agricultural commodities are combined with each 
other. As Table 2 reveals, all AIC values give an upper hand to DCC-GARCH model 
with multivariate Student t distribution. After determination of the best fitting DCC 
model, we present the results of estimated univariate GARCH and multivariate DCC 
parameters in Table 3.     

Table 3. Estimated parameters for DCC-GARCH models
Corn vs 
Wheat

Corn vs 
Soybean

Corn vs 
Barley

Wheat vs 
Soybean

Wheat vs 
Barley

Soybean vs
Barley

Panel A: Univariate GARCH estimates
Corn Corn Corn Wheat Wheat Soybean

c 0.139*** 0.520*** 3.865* 0.271 2.528 4.779
α 0.379*** 0.642*** 0.213 0.263 0.255*** 0.161
β 0.697*** 0.470*** 0.589*** 0.783*** 0.656*** 0.829**

Wheat Soybean Barley Soybean Barley Barley
c 0.127 0.324** 3.497** 0.625*** 3.626 8.325
α 0.237*** 0.561** 1.223*** 1.083*** 1.126*** 0.221
β 0.794*** 0.454*** 0.241** 0.248*** 0.286 0.715**

Panel B: DCC estimates
Average r 0.041 0.193 0.200 0.071 0.243 0.159
a 0.007 0.024 0.000 0.021 0.000 0.000
b 0.938*** 0.787*** 0.908*** 0.925*** 0.748*** 0.868
υ 3.891*** 3.192*** 2.635*** 2.772*** 2.588*** 2.478***

Note: ***, **, * represent statistical significance at the 1%, 5% and 10% level, respectively.

Source: Authors’ calculations
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Table 3 suggests that majority of the estimated parameters are highly statistically 
significant, but also some parameters are not significant. As for insignificant α 
coefficients, it means that shocks in time t-1 do not have an effect on conditional 
variance. In addition, in majority of estimated univariate GARCH models (Panel A), a 
high persistence of conditional volatility is observable, which means that α + β > 1. This 
drawback could cause a non-stationary volatility in a single-regime GARCH models 
(see Frommel, 2010). In other words, our models probably bear some flaws, and the 
reason could line in the nature of the empirical data. In particular, due to relatively 
limited number of trading days in Novi Sad commodity exchange market, it is possible 
that high volatility persistence occurs. 

As for DCC parameters (Panel b), all a parameters are insignificant, while all b parameters 
are highly statistically significant, except for soybean-barley pair. Insignificant a 
parameter implies that previous shocks do not have an influence on current dynamic 
conditional correlation. It should be said that estimation of statistically significant b 
parameters contributes crucially to the validity of dynamic conditional correlations, i.e. 
these correlations are then readable and can be interpreted. This contention is in line with 
Figure 3 presentation, which shows the plots of six dynamic conditional correlations. 
More specifically, it can be seen that five out of six DCCs are time-varying, while only 
for soybean-barley pair, DCC is static. The reason probably lies in the fact that b is 
estimated as statistically insignificant for soybean-barley pair, and this parameter is of 
utter importance for the creation of time-varying correlations. Symbol υ stands for the 
parameter of multivariate Student t distribution, and all these coefficients are highly 
statistically significant, which means that choice of this distribution is justifiable.    

Figure 3. Estimated dynamic conditional correlations for the selected pairs  
of agricultural commodities
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Source: Authors’ calculations

Although the findings of the estimated dynamic conditional correlations clearly show 
that mutual correlations between the selected cereals are time-varying, these oscillations 
are not particularly significant, while in most instances they barely exist. In other words, 
according to plots in Figure 3, we find only in pairs of corn-wheat and wheat-soybean 
relatively significant fluctuations of dynamic correlations. More specifically, in the 
corn-wheat plot, DCCs oscillates 10% between the lowest and highest correlations, 
while in the wheat-soybean plot, the oscillations are more expressed, amounting 25% 
between the highest and the lowest value. However, looking at the corn-barley, wheat 
barley and soybean-barley plots, these oscillations are less than 1%. It is interesting to 
notice that all these correlations are estimated between barley and the other commodity 
grains, and barley has the least trading days in comparison to all other agricultural 
commodities. This means that lot of empirical observations is lost in the process of data 
synchronization, which could produce an estimation bias in DCC-GARCH models. 

Besides, it is interesting to note that all dynamic correlations are not very high throughout 
the observed sample, as a matter of fact, they are pretty low. This is visible in Figure 
3, while Panel B of Table 2 contains the exact average values of dynamic conditional 
correlations, and it can be seen that majority of DCCs are below 20%, which is very 
low. In other words, only wheat-barley pair has an average correlation above 20%, and 
it amounts 24%, whereas the lowest correlations are found for corn-wheat and wheat-
soybean pairs, with the value of 4% and 7% respectively. 
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The findings of low correlations among agricultural commodities are not surprising, 
and can be related with other studies in this field. For instance, our results coincide very 
well with the paper of Gardebroek et al. (2016). These authors investigated dynamic 
correlation between three spot prices of corn, wheat and soybean, traded in the Chicago 
Board of Trade (CBOT). They asserted that despite the so called “financialization” 
of agricultural markets that happened in the past decades, a little evidence has been 
found that this was a major reason for a stronger interdependence in conditional returns 
and volatilities between agricultural commodities. They found volatility interactions in 
weekly and monthly returns, but not in daily returns. Their explanation is that former 
interactions are less likely driven by herding or speculative behaviour, but instead could 
be better explained by more fundamental factors such as interdependence across input 
and output markets and demand substitution. Also, these authors reported somewhat 
stronger correlation between corn and soybean, as we did, and they explained these 
findings by the fact that corn and soybeans have strong structural connections in land, 
fuel and feed markets. 

In addition, we also can find the connection between our results and the paper of Bonato 
(2019). This author researched the changes in the dynamics of price correlations and 
spillover effects in the agricultural commodity market, using eight major US-traded 
futures prices (corn, soybeans, wheat, and soybean oil for grain commodities, and 
coffee, cotton, sugar, and cocoa for soft commodities). They revealed that only soft 
commodities were segmented prior to 2008 and became correlated thereafter, but the 
nature of this increase in correlation is only temporary. On the other hand, correlations 
within grain commodities, which were already significant and positive, remained 
relatively stable between 2002 and 2017, which indicates that this group has been 
less affected by the 2008 commodity market turmoil. Lastly, we find an explanation 
in the study of Dawson and White (2002) why wheat-barley combination has the 
highest average dynamic correlation among all the pairs. They examined long-run 
interdependencies between the agricultural futures contracts of barley, cocoa, coffee, 
sugar, and wheat, traded in the LIFFE exchange market, using Johansen’s cointegration 
procedure. They reported long-run connection between wheat and barley because these 
commodity grains are substitutes in demand and supply and, thus, they are expected to 
be related, which coincides with our results. On the other hand, they found other pair-
wise combinations as unrelated because they are neither complements nor substitutes 
in either production or consumption. 

Discussion of the results

This section tries to explain the implications of the results as well as to see how 
the results can be used in practical purposes. According to the results, all dynamic 
correlations are positive and relatively low, with very limited scope of oscillations. 
From the market point of view, this means that price dynamics of the selected 
agricultural grains is independent, which implies that discovery of the price of one 
agricultural commodity does not provide information about the price of another 
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agricultural commodity. This results strongly indicate that participants in Novi 
Sad commodity exchange market, sellers and buyers, cannot rely on the price co-
movements between particular agricultural assets when they plan their selling or 
buying strategies. Dawson and White (2002) added that low correlation between 
agricultural assets signals that traders in market probably put a greater effort to assess 
the effect of macroeconomic fundamentals on agricultural prices than to determine 
their selling strategies by following the dynamics of other agricultural commodities. 
Knowing the nature of Novi Sad spot commodity exchange market, this finding is 
not unexpected. In other words, the participants in this market are local farmers that 
act as sellers with short position and various traders that take long position with 
the purpose to use agricultural commodities in further production process or to 
resell them in the global market. Therefore, our suggestion for traders in Novi Sad 
exchange market is to pay more attention on the analysis of macroeconomic factors 
and global movements of agricultural commodities, whereas dynamic correlations of 
agricultural prices in Novi Sad exchange market can be disregarded, because they do 
not provide relevant and useful information for traders’ strategies. 

Another conclusion that can be drawn from low correlation findings is that speculators 
do not participate in Novi Sad exchange market. Speculative activities certainly 
contribute to the liquidity of the market and the convergence of the prices, but interest 
of speculators is not to use agricultural commodities for real purposes, but to make 
a profit in price differences. Since Novi Sad commodity exchange do not trade with 
futures contracts, speculative activities are not present in this market, which implies 
that macroeconomic factors, domestic and global, play a key role in determination 
of agricultural prices. We can assert that the absence of speculations in this market 
also means the absence of herd and panic behaviour in this market. This contention 
indirectly means that traders on this market tend to specialize and focus their activities 
in some particular commodity of their interest, and this is the reason why relatively 
small number of trading transactions exist in one year.

Lastly, it should be mentioned that existence of low correlation between the assets 
are the basic precondition for the successful portfolio diversification. In other words, 
combination of agricultural assets from Novi Sad exchange market in various portfolios 
could be potentially beneficial in the risk minimizing process. However, the problem 
arises because this market does not trade with futures contracts that would be used 
for these purposes, but only with real transactions that imply physical delivery of the 
purchased commodities. Therefore, continuously low correlation between agricultural 
commodities in Novi Sad exchange market cannot be used in portfolio construction and 
risk-minimizing efforts.    

Summary and conclusion

This paper investigates the level of pairwise dynamic correlations between prices of 
four agricultural commodities – corn, wheat soybean and barley, that are traded in Novi 
Sad commodity exchange market, observing the period of 11 years. For the research 
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purposes, we use complex and elaborate methodological approach – DCC-GARCH 
model of Engle (2002). Before the estimation process, we have to adjust the empirical 
time-series and make them usable for the software. In other words, relatively low 
number of trading days is characteristic for all agricultural commodities, whereas some 
empirical data are lost in the process of time-series synchronization. This is particularly 
true for pars with barley. As a consequence, possible estimation bias could be present, 
particularly for pairs with barley.    

The results of the estimated dynamic conditional correlations show that low and 
positive correlation exist between all the pairs of the selected agricultural commodities. 
In other words, the highest correlation is recorded between wheat and barley, and it 
amounts on average 24%, corn-barley pair follows with 20%, while all other dynamic 
correlations are below 20%. In addition, the oscillations of dynamic correlations are 
not particularly significant, while in most cases they barely exist. More precisely, 
only corn-wheat and wheat-soybean pairs have relatively significant fluctuations 
of dynamic correlations, with 10% and 25%, respectively. Our results concur very 
well with the finding of other studies, which also found relatively low correlation or 
no correlation at all between agricultural commodities. These findings indicate that 
price movements of the selected agricultural cereals are independent, meaning that 
price discovery of one agricultural commodity does not provide information about 
the price of another agricultural commodity. Therefore, we can firmly assert that 
traders in Novi Sad exchange market do not rely on the price co-movements between 
particular agricultural assets when they plan their selling or buying strategies. Novi 
Sad commodity exchange do not trade with futures contracts, thus speculative 
activities are not present in this market. This implies that price movements in this 
market do not happen as an aftermath of speculations or increased liquidity, but 
rather macroeconomic factors (domestic and global) play a key role in determination 
of these prices.

This study provides an insight about the nature of dynamic correlations between the 
selected agricultural commodities in Novi Sad exchange market, and these results can 
be interesting for traders in this market. Also, the paper explains what is the relevance 
of the results and how (whether) they can be used in practical purposes. Due to the 
existence of possible estimation bias in some estimated dynamic correlations that is 
probably caused by discontinuous trading in this market, future papers can address 
this topic, applying different methodological approaches. Extended research in this 
subject will confirm or refute our results, contributing significantly to the robustness 
of overall findings.
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