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ABSTRACT

KEYWORDS

We investigate the portfolio allocation and risk contribution characteristics of agricultural com
modities, and the volatility spillovers between agricultural commodities and global and regional
equity markets. We draw our results by applying a directional spillover index and a nonlinear
portfolio optimization method. We find that the largest transmission and reception of spillovers
occur among wheat, corn and soybeans, and between sugar cane and sugar beets. All global and
regional stock market indices considered most largely spillover on cotton and cocoa. The global
and Americas stock market indices are most largely spillovered by corn and soybeans. Also, while
the European stock market index is most largely spillovered by cotton, the Asia Pacific stock
market index is most largely spillovered by wheat and coffee. The portfolio optimization shows
that sugar cane, followed by wheat and corn, are the largest risk contributors to total portfolio
risk, whereas, cocoa, followed by lumber and cotton, are the lowest risk contributors to total
portfolio risk. Cocoa and lumber are the most desirable for investment. Implications of the results
are discussed.

Agricultural commodity
markets; stock markets;
interdependence; spillover
index; portfolio optimization

I. Introduction

Agricultural commodities’ uses and characteris
tics make them different from alternative com
modities and there has not been any other point
in time than now where the interest in agricultural
commodities as financial assets has been so
strong. Agricultural commodities in specific are
characterized for being defensive investments or
less volatile in times of financial turmoil, making
them attractive to improve equity portfolio con
struction and hedging during market downturns
(Zapata, Detre, and Hanabuchi 2012). The search
for portfolio diversification benefits has also led to
an unprecedented interest in agricultural com
modities as financial and investment assets, with
traders often analysing simultaneously the fluc
tuations in commodity and stock markets to fore
cast the trend of each market (Vivian and Wohar
2012; Choi and Hammoudeh 2010; Rogers 2004).
The increasing trend in the price of agricultural
commodities, due to the rising demand for agri
cultural commodities in developing countries
and the increasing interest in bio-energy produc
tion, has motivated large financial institutions to
CONTACT Seong-Min Yoon

smyoon@pusan.ac.kr

© 2020 Informa UK Limited, trading as Taylor & Francis Group

Busan 46241, Korea

JEL CLASSIFICATION

C58; F36; G11; G15; Q14

include agricultural commodities in their asset
portfolios (Spencer, Bredin, and Conlon 2018).
In the last two decades, due to the increasing
integration of economies and interdependence
between commodity and security markets, agricul
tural commodity prices have experienced excep
tional volatility, have become more sensitive to
innovations in financial markets, and have dis
played rising and falling trends compared to those
observed in financial markets, suggesting linkages
between the prices of stocks and agricultural com
modities that appear to have strengthen since the
turmoil of the 2008 global financial crisis (Yu,
Wang, and Lai 2008). In this regard, evidence sug
gests that the prices of stock and agricultural com
modity markets have historically displayed a high
negative correlation that has been more evident
during major stock market crashes, macroeco
nomic and political events (Zapata, Detre, and
Hanabuchi 2012). It is this type of peculiar rela
tionship between the prices of agricultural com
modities and stock markets, and the distinctive
characteristics of agricultural commodities, that
motivate for an analysis of directional spillovers
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between major traded agricultural commodities
and global and regional equity markets, and an
analysis of portfolio allocation and risk contribu
tion of agricultural commodities.
Studies about volatility spillovers and portfolio
risk contribution are of great concern for growers
of agricultural commodities and financial portfolio
investors because new findings can be used for opti
mal hedging across these markets, and for the fore
casting of future equity and agricultural commodity
prices. Policymakers are interested commodity price
fluctuations (volatility) and the spillovers they
receive from other markets because of their potential
to cause price inflation (Creti, Joëts, and Mignon
2013). Moreover, analysing the volatility spillovers
between the prices of agricultural commodities and
equity markets can provide useful information about
possible substitution investment strategies between
stock and commodity classes, thus impacting asset
allocation positively (Choi and Hammoudeh 2010).
A look into previous research shows that although
some studies have modelled the interdependence
between stock and agricultural commodity markets
(e.g., Boako and Alagidede 2016; Sadorsky 2014;
Mensi et al. 2013; Daskalaki and Skiadopoulos
2011), none of them has considered, as we do, global
and regional stock market indices and their inter
dependence with agricultural commodities. Other
studies have also not examined the risk contribution
of single agricultural commodities to total portfolio
risk. Other studies have mainly focused on testing
the interdependence and spillovers between agricul
tural commodities alone or between agricultural
commodities and oil (e.g., Sadorsky 2012; Kumar
et al. 2012; Arouri, Jouini, and Nguyen 2012; Serra
2011; Syllignakis and Kouretas 2011; He and Chen
2011; Du, Yu, and Hayes 2011).
Hence, despite the above studies on the relation
ship between the prices of agricultural commod
ities and equity markets insufficient attention has
been paid to the analysis of risk contribution of
single agricultural commodities to total portfolio
risk, and to analysing the volatility spillovers
between stock and agricultural commodity mar
kets. Our study attempts to fill a gap in the relevant
literature firstly by examining the spillovers
between regional and global equity markets and
agricultural commodities, and secondly by investi
gating the resource allocation and risk contribution
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characteristics of a portfolio of agricultural com
modities. We specifically consider a world equity
index and regional equity indices from Europe, the
Americas and Asia Pacific and their relationship
with wheat, corn, soybeans, coffee, sugar cane,
sugar beets, cocoa, cotton and lumber.
The research questions motivating our study are
as follows: between which agricultural commodities
do the largest transmission and reception of spil
lovers occur? What agricultural commodities experi
ence the most spillovers by global and regional stock
markets? What agricultural commodities most lar
gely spillover on the global and regional stock mar
kets? What agricultural commodities are the largest
(smallest) risk contributors to total portfolio risk?
What agricultural commodities are the most desir
able for investment? We address these questions by
applying the directional spillover index of Diebold
and Yilmaz (2014), as well as a differential evolution
method, to daily frequency price data spanning from
18 March 2009 to 12 February 2019. The multivariate
spillover index implemented in comparison to other
methods such as Granger causality and copula meth
ods (Granger 1969; Patton 2012) used to understand
the relationship between variables is more advanta
geous as it makes possible to examine the complex
network structure of interdependence among vari
ables, as well as to identify receivers and transmitters
of risk spillovers and the magnitude of the spillovers.
The applied differential evolution portfolio optimi
zation method is unique and relevant in our study
because it has the distinctive characteristic of identi
fying those agricultural commodities that most
(least) risk contribute to total portfolio risk. Finally,
we investigate the portfolio design by computing the
optimal portfolio weights, hedge ratios, and hedging
effectiveness for different portfolios.
Our main motivation for focusing on the analy
sis of spillovers between the prices of agricultural
commodities and equity markets, and on the ana
lysis of portfolio allocation and risk contribution of
agricultural commodities is that no other study has
considered global and regional equity markets and
their effect on agricultural commodity markets,
and vice versa, and no other study has examined
the risk contribution of single agricultural com
modities to total portfolio risk.
Our main contribution to the relevant literature
derives from the obtained empirical results which
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indicate that the largest transmission and reception of
spillovers occur among wheat, corn and soybeans, and
between sugar cane and sugar beets. All global and
regional stock market indices considered most largely
spillover on cotton and cocoa. The global and
Americas stock market indices are most largely spil
lovered by corn and soybeans. Additionally, while the
European stock market index is most largely spillov
ered by cotton, the Asia Pacific stock market index is
most largely spillovered by wheat and coffee. The
portfolio optimization results indicate that sugar
cane, followed by wheat and corn, are the largest risk
contributors to total portfolio risk, whereas, cocoa,
followed by lumber and cotton, are the lowest risk
contributors to total portfolio risk. Cocoa and lumber
are the most desirable for investment. The implica
tions of the results suggest that agricultural commod
ity traders could design risk management and hedging
strategies by tracking the performance of stock mar
kets that most strongly impact the prices of traded
agricultural commodities. Financial portfolio inves
tors and growers of agricultural commodities could
use the obtained findings to optimally hedge across
equity and agricultural commodity markets, and to
forecast future prices of equity and agricultural com
modities. For policy markers, the spillovers received
by agricultural commodities from equity markets
matter because of the effect they can have on price
inflation. Lastly, for investors in portfolios of agricul
tural commodities, knowing what agricultural com
modities are most risky and least risky helps to more
accurately determine the allocation of financial
resources and investment strategy.
The remainder of the paper is structured in the
following manner: Section 2 reviews the relevant lit
erature; Section 3 explains the models applied to draw
our empirical results; Section 4 presents the data and
discusses its descriptive statistics; Section 5 states and
discusses the obtained empirical results; and Section 6
concludes the analysis.
II. Literature review

Agricultural commodities can be regarded as hedge
assets in investment portfolios given that the drivers of
agricultural commodity prices are usually different
1

from those of equity prices, and their prices are con
sidered relatively more stable than equity prices
(Zapata, Detre, and Hanabuchi 2012).1 The prices of
agricultural commodities are usually determined by
their own demand and supply in their physical mar
kets. Moreover, agricultural commodities are invested
as inflationary hedge assets, which can protect inves
tors against a decrease in the purchasing power of
money (inflation), whereas equity prices are sensitive
to losses due to inflation. In this regard, agricultural
commodities can provide opportunities for hedging
equity markets (for example, Spencer, Bredin, and
Conlon 2018; Sadorsky 2014; Mensi et al. 2013).
Recently, however, agricultural commodity mar
kets increased considerably in price since the worst
food crisis and global financial crisis of 2007–2008.
Prices of several major agricultural food commod
ities are cointegrated with crude oil prices as they are
used as a feedstock for biofuels. Many studies
reported evidence of market integration between
agricultural food commodities and financial mar
kets, including stock and crude oil markets (for
example, Boako and Alagidede 2016). Moreover,
agricultural commodities are traded in both the deri
vatives and spot markets, including exchange-traded
funds (ETF) and their derivatives. Due to the
increase of agricultural commodity ETF and deriva
tive markets, agricultural commodity markets have
become increasingly financialised (for example,
Aït-Youcef, 2019; Bruno, Büyükşahin, and Robe
2017; Öztek and Öcal 2017; Adams and Glück
2015; Girardi 2015; Silvennoinen and Thorp 2013).
Investment portfolios in global funds have dramati
cally increased the weight of agricultural commod
ities, and investment strategies of global funds have
significantly changed. Now, by including agricultural
commodities or, by extension, their derivatives,
investors can boost the performance of their equity
portfolios, which implies that agricultural commod
ities can be considered as a diversifier to stock market
investors.
Many studies have explored the relationship
between different category commodities and financial
assets and found evidence to support the potential
diversification benefits of commodities. For example,
Zapata, Detre, and Hanabuchi (2012) examined

On the contrary, Olson, Vivian, and Wohar (2017) reported that there is no evidence that agricultural commodity is a good hedge for equity holders. Other
studies have found that agricultural commodity can be used as a diversifier rather than a hedge asset for equity (for example, Aït-Youcef, 2019).
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commodities and stocks and their relationship, as well
as the role of agribusiness indexes and commodities in
portfolios, and found that, in the past 140 years, com
modity prices and stocks have negatively correlated,
implying that including agricultural commodities in
the portfolio can enhance the portfolio performance.
Within an asset pricing framework, Batten, Szilagyi,
and Wagner (2015) examined the benefits to investors
from holding corn, wheat, cattle, crude oil, heating oil,
copper, aluminium and gold commodities and found
that diversification benefits are time-varying and
commodity and equity markets integrated. Mensi,
Hammoudeh, and Kang (2015) analysed the interac
tion between commodity (oil, silver, gold, corn, wheat
and rice) futures markets and an oil-based frontier
(Saudi Arabia) equity market and found that the
inclusion of commodities to a portfolio is useful for
managing investment risk in the Saudi Arabia equity
market. Bekiros et al. (2016) explored the time-scale
relationships between one of 12 commodities (cotton,
coffee, cocoa, wheat, corn, silver, gold, platinum, cop
per, natural gas, heating oil and crude oil) and US
equity markets by employing wavelet coherence mea
sure and found evidence to support causality in time
and frequency between the two markets. Charfeddine
and Benlagha (2016) explored the link between 12
commodities (heating oil, crude oil, propane, gasoline,
kerosene jet fuel, aluminium, gold, silver, nickel, zinc,
soybean oil and cotton) and stock market returns
using a rolling-sample technique and copula approach
and found evidence for time-varying dependence.
Jordan, Vivian, and Wohar (2016), using several com
modities (23 commodities including grains, precious
metals, industrial inputs, energy, softs and animal
products), uncovered that commodity returns can be
used to predict Canadian sector equity returns.
Nagayev et al. (2016), by employing an MGARCHDCC model and wavelet coherence analysis, uncov
ered that correlations between commodities and
Islamic equities vary across time and are volatile and
that agriculture food, livestock, natural gas and gold
are better diversifiers than metals and crude oil. Öztek
and Öcal (2017) analysed the comovements between
stock and commodity markets using indices of agri
cultural commodities and precious metals and found
that high correlations are mainly triggered by periods
of crisis characterized by high volatility; commodities
offer valuable diversification potential. Powell et al.
(2017) investigated the link between tail risk of 24
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commodities and Asian equity markets by employing
conditional value at risk (CVaR) and found that the
interaction between equities and commodities signif
icantly changes over time. Demiralay, Bayraci, and
Gencer (2019) explored the diversification effective
ness of commodity futures using weekly data of 21
commodities (metals, energy, softs and food, livestock
and meat, grains and oilseeds) and found that the
inclusion of commodity futures into equity portfolios
enhances the benefits of diversification.
As explained above, agricultural commodity
markets are related to stock markets. Some studies
have focused on the agricultural commodity–stock
relationship. For example, Kang, Hu, and Chen
(2013), using a Granger causality test and impulseresponse analysis, investigated the causal interde
pendence between Chinese stock prices and inter
national food commodity prices, finding a negative
correlation between the two prices. However,
Chinese stock indices cause food future prices to
respond positively. Declerck (2014) explored the
link between stock prices of an agricultural com
modity company and agricultural commodity price
and found that the prices of stocks of food compa
nies are not significantly determined by those of
agricultural commodities. Girardi (2015) explored
the cause of a positive correlation between 16 agri
cultural commodity prices and the S&P500 index
and found that financial turmoil and the financia
lization of food are the major factors for the
increase in price correlation between agricultural
commodity-equity. Baldi, Peri, and Vandone
(2016), by employing volatility impulse response
functions, investigated the influence of equity mar
ket shocks on the volatility of agricultural com
modity prices and found that spillover risk rose
significantly after the 2008 global financial crisis.
Bruno, Büyükşahin, and Robe (2017) explored the
role of financial institutions’ activity in explaining
correlations between grain, livestock, and equity
returns by employing a structural VAR model
and found that increasing correlations are mainly
due to world business cycle shocks, while the effect
of financialization is shorter-lived and not statisti
cally significant. Aït-Youcef (2019) investigated the
financialization of agricultural commodities by
using threshold autoregressive quantile methodol
ogy and found evidence to support the high inter
dependence between equity and agricultural prices
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in extreme quantiles. Our research complements
the results of the above previous studies on the
agricultural commodity-stock price relationship
by considering a wide set of commodities and
global/regional stock markets in a network
approach of directional spillovers and portfolio
optimization.

as the ith element and zero otherwise. The term Θh
accounts for the coefficients that scale the h-lagged
error in the infinite moving-average representation
of VAR.
Pairwise directional spillovers from agricultural
commodity/global equity index j to agricultural
commodity/global equity index returns i are esti
mated as:
g

CiH j ¼ Cij ðH Þ

III. Methodology
Directional spillover index

In analysing the spillovers between agricultural
commodities and global equity markets, we fit
a generalized vector autoregression (GVAR)
approach and incorporate the matrix of variance
decomposition produced by the spillover index
methodology of Diebold and Yilmaz (2009, 2014,
2015). This approach provides calculations of total,
net, and directional spillover influence between
return series. The evolution of return series corre
sponding to an agricultural commodity or global
equity market is assumed to follow a covariance
stationary VARð pÞ of the form:
Xp
yt ¼
ψ y þ εt
(1)
k¼1 k t k
The variable yt is an N � 1 vector of agricultural
commodity or global equity index returns, and ψk is
a N � N matrix of autoregressive coefficients, indicat
ing the effect of past returns on the evolution of yt .
The term εt accounts for the effect of unincluded
variables in the evolution of the process and is
assumed to be serially uncorrelated. A moving average
P
representation of Equation (1) is yt ¼ 1
l¼0 Θl εt l
where Θl ¼ ψ1 Θl 1 þ ψ2 Θl 2 þ � � � þ ψp Θl p . In
implementing the GVAR, the effects of variable j to
the H-step-ahead generalized forecast error variance
of variable i are accounted for by the following
relationship:
g
cij ðH Þ

�2
P 1 0
σ jj 1 H
h¼0 ei Θh �ej
¼ PH 1 0
�
0
h¼0 ei Θh �Θh ei

(2)

where the parameter � is a non-orthogonalized
covariance matrix of errors corresponding to the
VAR system. The term σ jj represents a vector of
standard deviations of the error term for the jth
equation, and ei is an N � 1 vector, which has one

(3)

The total directional spillovers from all other agri
cultural commodities’ returns to agricultural com
modity/global equity index return series i are
estimated as the sum of off-diagonal values from
the resulting connectedness matrix as:
XN
g
CiH � ¼
(4)
j ¼ 1 Cij ðH Þ:
j�i
The total and off-diagonal sums of columns stand
for the total directional connectedness to other
from j as;
XN
g
C�H i ¼
(5)
i; j ¼ 1 Cij ðH Þ
j�i
The net total directional connectedness can also be
defined as:
CiH ¼ C�H

i

CiH

�

(6)

Lastly, the ratio of the sum of the to-others (fromothers) elements of the variance decompositions’
matrix to the sum of all elements produces the total
connectedness (system-wide connectedness):
CH ¼

1 XN
g
cij ðH Þ
i;
j
¼
1
N
j�i

(7)

In developing the network topology of all market
Diebold and Yilmaz (2014, 2015) interpret the var
iance decomposition matrix as the adjacency
matrix of a weighted directed network. The ele
ments of the adjacency matrix are our pairwise
directional connectedness, CiH j , the row sums of
the adjacency matrix (node in-degrees) are our
total directional connectedness ‘from’ CiH � , and
the column sums of the adjacency matrix (node
out-degrees) are our total directional connected
ness ‘to’ C�H i .
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Non-convex portfolio optimization

In estimating the marginal risk contribution of each
agricultural commodity to total portfolio risk and the
optimal weight allocation subject to a maximum risk
contribution by each agricultural commodity, we fit
a differential evolution method. The method is char
acterized by floating-point encoding when dealing
with the distributions of agricultural commodities.
The method also employs arithmetic operators and
alterations in the iterative process of filtering optimal
solutions. Thus, through the process of iteration, the
differential evolution approach tries to converge to
solutions that are optimal. Potential optimal solu
tions are achieved by applying transformations (or
differential mutations) on vector parameters that
correspond to the agricultural commodities’ return
distributions. Additionally, in the process of identi
fying optimal solutions, the differential evolution
approach minimizes the portfolio risk.
Suppose NP represents the number of vector
parameters x 2 Rd of the population, where d
accounts for the dimensions. The first generation of
parameters is obtained by estimating random values
falling between predefined upper and lower bound
aries. Each generation involves the creation of a new
population from the existing population members
fxi ; i ¼ 1; � � � ; NPg, where i indicates the vectors
that make up the population. Let xi;g represent an
existing population with i vectors of parameters and
g generations. The first transform or mutated vector
of parameters υi;g; is produced by randomly selecting
three population members r0;g ; r1;g ; r2;g or:
vi;g ¼ xr0;g þ F � xr1;g

xr2;g

�

(8)

The process expressed by Equation (8) regarding
transformations of parameters of the populations
continues until optimal solutions that lie within
some prespecified upper and lower boundaries are
found [see Ardia et al. (2011) for further details]. In
Equation (8), F is an escalating factor with values
greater than zero and less than 1. Now, to estimate
the conditional value-at-risk contribution percen
tage of each agricultural commodity, we estimate
the following rational equation, following Boudt,
Carl, and Peterson (2012):
2

wi
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#
P
wÞ ϕðzα Þ
ð
ffiffiffiffiffiiffiffiffi α
μi þ pffiffiffi0ffiP
w

w

pffiffiffiffiffiffiP
ffiffiffiffiffiffiffiffi
w0 μ þ w0 w

ϕðzα Þ
α

(9)

0

where w ¼ ðw1 ; � � � ; wd Þ represents a vector trans
�0
pose of weights. The parameter μ ¼ μ1 ; � � � ; μd
accounts for the transpose of a vector of means.
The term accounts for the variance and covariance
of the agricultural commodities’ return distribu
tions. The parameter zα stands for the α-quantile of
the standard normal distribution. The parameter
ϕð�Þ represents a standard normal density function.
In the optimization problem, we set α ¼ 5%.

Portfolio risk analysis

Practically, developing an optimal portfolio on the
basis of risk management and portfolio allocation
decisions requires a preliminary and accurate estima
tion of the temporal covariance matrix. Following
Clements, Scott, and Silvennoinen (2015), we employ
the GARCH-DECO model based on the Student-t
distribution,2 which captures large correlation
matrices and equal correlations in various financial
time series. This method allows investors to the best
make optimal portfolio allocation decisions by con
structing dynamic risk-minimizing hedge ratios.
First, we assume that an investor is holding a set
of stock assets and seeks to hedge her position
against unfavourable effects using agriculture com
modities. Specifically, we follow Kroner and Ng
(1998) to define the portfolio weight of the com
modity asset holdings by:
wc ¼

hSt

hC;S
t

; withwCt
C;S
C
S
h
2h
þ
h
t
t
8t
wCt < 1
< 0
¼ wCt 0 � wCt � 1
:
1
wCt > 1

(10)

where hCt , hSt , and hC;S
t are the conditional volatility of
the agriculture commodity markets, the conditional
volatility of the stock market, and the conditional
covariance between the agriculture commodity and
the stock at time t, respectively. For each commod
ity-stock pair, all information needed to compute the

We consider the Student-t distribution to capture the non-normality of financial time series. Upon your request, we will provide the estimates of multivariate
GARCH-DECO model.
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weight wCt is obtained from the GARCH-DECO
model.
We follow the Kroner and Sultan (1993) methodol
ogy to quantify the beta hedge to minimize the risk of
this stock-agriculture commodity portfolio. Thus, we
measure the degree of hedging of a long position (buy)
of one dollar in the commodity asset by a short posi
tion (sell) of βCt dollar in the stock markets; that is:
βCt ¼

hC;S
t
hCt

(11)

The hedging effectiveness of the constructed portfo
lios can be assessed by comparing the realized hed
ging errors (Ku et al. 2007), which are defined as:
HE ¼ 1

Varhedged
Varunhedged

(12)

�
where the variance of the hedge portfolio Varhedged
is the variance of the returns of the weighted portfo
lio of a commodity and a stock (PF II), whereas �the
variance of the unhedged portfolio Varunhedged is
the variance of the returns of the benchmark port
folio (PF I). A higher HE ratio implies stronger
hedging effectiveness as measured by the reduction
in the portfolio’s variance, thus implying that the
associated investment policy can be deemed
a superior hedging strategy.
IV. Data

The data sample on which we implement our mod
elling frameworks consist of daily frequency prices
corresponding to nine agricultural commodities
(wheat, corn, soybeans, coffee, sugar cane, sugar
beets, cocoa, cotton, lumber) and four global equity
market indices, namely, the MSCI ACWI Index
(All countries world international stock index),
the MSCI AC Americas index (All countries
American stock index), the MSCI AC Europe (All
European countries stock index), and the MSCI
Asia ex Japan Index (All Asian countries excluding
Japan stock index). Our motivation for selecting
the above nine agricultural commodities is that
they are major traded agricultural commodities
worldwide, thus all together provide a good repre
sentation of the agricultural commodity market
and, given the historical negative correlation agri
cultural commodities have displayed with stock

markets, they have the potential to be used by
investors to diversify and hedge their stock portfo
lios (Zapata, Detre, and Hanabuchi 2012). Our
motivation for using global and regional equity
indices in the spillover analysis is that we want to
investigate how and by how much agricultural
commodity prices are affected by changes in stocks
markets in the global and regional level. This is an
important characteristic of our analysis because
major agricultural commodities under considera
tion are consumed, produced and traded at differ
ent levels across regions of the world, thus affecting
international stock markets differently. On the
basis of the same argument and also considering
that stock markets from different parts of the world
have a stronger (weaker) effects on the global finan
cial markets and economy, we would expect stock
market fluctuations across regions of the world to
have a varying impact on the international price of
agricultural commodities.
It is worth pointing out that for the spillover
analysis we target both the estimation of spillovers
between the agricultural commodities considered
and the estimation of spillovers between the prices
of agricultural commodities and those of global
and regional equity markets. For the portfolio opti
mization, we only focus on the nine agricultural
commodities as our purpose is to identify those
commodities that contribute the most (least) risk
to total portfolio risk and that are the most desir
able for investment. The time period of price series
spans from 18 March 2009 to 12 February 2019.
We select this period of time for the data sample
because it accounts for significant fluctuations in
agricultural commodity prices after the effects of
the 2008 global financial crisis (GFC) and the oil
price crisis period (OPC) that began in 2014. It is
well known that agricultural commodity prices
underwent a sharp trend of escalation years after
the GFC took place, while the OPC led to
a significant decrease in agricultural commodity
prices, as it became less costly for farmer to pro
duce. We estimate and use daily frequency con
tinuously compounded returns for the model
implementation. All price series were downloaded
from Thomson Reuters Eikon (https://eikon.thom
sonreuters.com).
Table 1 shows the unit root tests and descriptive
statistics for the agricultural commodities and
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Table 1. Descriptive statistics and unit root test in agriculture commodity and MSCI stock markets.
Wheat
Corn
Soybeans
Coffee
Sugar Cane
Sugar Beets
Cocoa
Cotton
Lumber
MSCI ACWI
MSCI AC Americas
MSCI AC Europe
MSCI Asia Pacific

Mean(%)
−0.0007
−0.0010
0.0001
−0.0039
−0.0011
−0.0081
−0.0037
0.0198
0.0353
0.0356
0.0452
0.0222
0.0301

Max.
8.7688
12.757
6.476
11.789
10.814
7.8748
7.6628
6.9641
16.916
4.9322
6.5812
8.1712
5.6583

Min.
−9.2235
−26.862
−10.738
−8.416
−12.366
−11.723
−8.9657
−15.555
−14.558
−5.2228
−6.8698
−9.0594
−5.9415

Std. dev.
1.9234
1.7709
1.453
1.939
2.0778
1.6608
1.71
1.7347
2.0153
0.8609
0.9697
1.2378
1.0302

Skewness
0.2348
−1.3009
−0.9357
0.2436
−0.1352
−0.6626
−0.0537
−0.6201
0.4757
−0.3540
−0.3253
−0.2364
−0.2138

Kurtosis
4.8116
26.223
9.5971
4.8154
5.8542
8.1002
4.5057
8.3705
8.4471
7.3212
7.6382
7.3237
6.0990

Jarque-Bera
377.24***
58,816. ***
5064.8***
380.57***
885.35***
2990.9***
245.44***
3272.2***
3293.4***
2065.2***
2362.8***
2037.6***
1054.1***

Q(20)
27.702
21.569
15.841
25.647
22.991
22.060
15.477
37.145**
27.105
48.676***
17.382
15.229
43.823***

ADF
−29.514***
−30.047***
−29.379***
−28.228***
−28.341***
−29.259***
−29.154***
−28.384***
−29.245***
−29.508***
−31.037***
−30.923***
−28.144***

KPSS
0.0490
0.1232
0.1324
0.1832
0.1440
0.1717
0.0508
0.2712
0.0540
0.1898
0.1269
0.1866
0.3207

The symbol *** indicates rejection of the null hypotheses of normality, no autocorrelation, unit root, and stationarity.

MSCI stock returns. For the agricultural commod
ity markets, the largest positive (negative) returns
are observed for Lumber (Sugar Beets). In relation
to volatility, Sugar Cane displays the highest vola
tility, while Soybeans record the lowest risk. As for
the MSCI stock indices, the MSCI AC American
shows the highest positive returns, while the MSCI
AC Europe has the lowest positive returns.
Regarding risk, the MSCI AC Europe has the lar
gest return volatility, followed by the MSCI Asia
Pacific. Looking at the skewness statistics, most of
the returns, including the MSCI stock returns,
exhibit negative tail asymmetries, except for
Wheat, Coffee, and Lumber. Furthermore, the kur
tosis is higher than three for all variables consid
ered, indicating the absence of a normal
distribution. The estimates of the Jarque-Bera test
also indicate the non-normality of the return series.
It can also be observed that all return series are
stationary, as shown by the ADF and KPSS unit
root test statistics. Additionally, a weak serial cor
relation is identified by the Ljung-Box Q(20) tests.
Table 2 shows the results of the LR tests on the
volatility spillover from agriculture commodities to
stock markets. Following Chang and McAleer
(2017), we test the volatility spillover from com
modity j (transmitter) to stocks i (recipient) with
three different lagged periods, t 1, t 5, and
t 10, corresponding up to 10 day ahead. As
shown in Table 2, we see the volatility spillover
from the agriculture commodity to stock markets.
More specifically, the MSCI AWCI and Americas
receive volatility spillover from all agriculture com
modities at least 10% significance level. In particu
lar, the MSCI AWCI and Americas are larger
recipient of volatility spillover from wheat, corn,

Table 2. Causality test in the conditional variance.
Wheat
Corn
Soybeans
Coffee
Sugar Cane
Sugar Beets
Cocoa
Cotton
Lumber

t
t
t
t
t
t
t
t
t
t
t
t
t
t
t
t
t
t
t
t
t
t
t
t
t
t
t

1
5
10
1
5
10
1
5
10
1
5
10
1
5
10
1
5
10
1
5
10
1
5
10
1
5
10

ACWI
0.0050
0.0346
0.0556
0.0010
0.0014
0.0082
0.1450
0.6632
0.0028
0.0042
0.0000
0.0000
0.0131
0.2457
0.0000
0.0001
0.1858
0.0514
0.3655
0.8379
0.0557
0.0115
0.0868
0.0005
0.0000
0.0242
0.0109

Americas
0.0000
0.0025
0.0000
0.0027
0.0001
0.0014
0.0330
0.5743
0.0026
0.0098
0.7597
0.0000
0.0000
0.0000
0.0005
0.0001
0.0459
0.0000
0.0026
0.2848
0.2496
0.0022
0.0452
0.0390
0.0000
0.0214
0.0000

Europe
0.2562
0.1785
0.2049
0.0014
0.0300
0.0000
0.2510
0.8299
0.0002
0.0198
0.3015
0.0153
0.4786
0.3014
0.7343
0.0702
0.1667
0.9280
0.0022
0.3251
0.4349
0.1452
0.0364
0.0016
0.0002
0.0048
0.0164

Asia Pacific
0.0330
0.0089
0.0000
0.1580
0.0500
0.2016
0.3990
0.0000
0.1174
0.0000
0.0021
0.0000
0.2119
0.2717
0.4794
0.0032
0.0269
0.3613
0.6996
0.1829
0.8431
0.1595
0.0568
0.0312
0.0000
0.0000
0.0061

The table presents the p-value of the LR test to capture the volatility spillover
originating from series j (first column) and to series i (first row) for different
lagged periods ðt 1; t 5; t 10Þ. Grey highlight indicates the sig
nificance at the 10% level.

coffee, cotton, sugar cane, and lumber, regardless
of the lagged period. However, the MSCI Europe
(Asia-Pacific) seems to be independent of volatility
spillovers with wheat and Sugar cane (sugar cane
and cocoa).
V. Empirical results
Estimation results of spillover index measure

Table 3 displays the spillovers among the agricultural
commodities modelled. The largest spillover trans
mitters and receivers are corn, followed by sugar
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Table 3. Spillover index among agriculture commodity markets.
Wheat
Corn
Soybeans
Coffee
Sugar_Cane
Sugar_Beets
Cocoa
Cotton
Lumber
To
All

Wheat
59.05
22.37
9.62
2.22
1.66
1.57
0.48
2.77
0.66
41.3
100.4

Corn
24.02
54.96
18.13
1.73
1.65
1.64
0.62
3.18
0.39
51.4
106.3

Soybeans
9.04
15.88
62.80
2.31
1.65
1.77
0.69
3.65
1.05
36.0
98.8

Coffee
1.77
1.24
1.82
78.74
3.93
3.54
2.38
1.64
0.99
17.3
96.0

Sugar_Cane
1.78
1.63
1.78
5.55
56.73
32.39
1.10
2.37
0.19
46.8
103.5

Sugar_Beets
1.68
1.48
1.90
5.02
32.03
56.83
1.21
2.03
0.04
45.4
102.2

Cocoa
0.30
0.26
0.49
2.10
0.67
0.85
91.73
1.22
0.42
6.3
98.0

Cotton
1.98
1.96
2.80
1.56
1.62
1.37
1.39
82.74
0.51
13.2
95.9

Lumber
0.38
0.23
0.67
0.78
0.08
0.03
0.41
0.41
95.74
3.0
98.7

From
40.9
45.0
37.2
21.3
43.3
43.2
8.3
17.3
4.3
260.7
Total: 29.00%

In the table, the estimated contribution of variable i to the variance of the 10-day-ahead forecast error of variable j is represented by ði; jÞth element. The
diagonal elements ði ¼ jÞ are the own variance shares estimates, which indicate the fraction of the forecast error variance of market i that is the result of its
own shocks.

cane, sugar beets and wheat. In general, the largest
transmitters of spillovers are the largest spillover recei
vers. With respect spillovers between pairs of agricul
tural commodities, we observe that wheat most largely
spillovers on corn (22.37) and soybeans (9.62).
Likewise, wheat is most largely spillovered by corn
(24.02) and soybeans (9.04). Corn mostly spills over
on wheat (24.02) and soybeans (18.13) and is more
largely spilled over by those two commodities (22.37,
15.88). Soybeans mostly spill over on corn and wheat
(15.88, 9.04) and are mostly spilled over by those two
commodities (18.13, 9.62). Sugar cane mostly spills
over on sugar beets (32.39) and is most largely spilled
over by that commodity (32.03). Overall, the largest
transmission and reception of spillovers occur among
wheat, corn and soybeans and between sugar cane and
sugar beets.
Table 4 displays the spillovers between the agri
cultural commodity prices considered and global
stock indices, namely the MSCI ACWI Index (All
countries world international stock index), MSCI
AC Americas index (All countries American stock

index), MSCI AC Europe (All countries European
stock index), and MSCI Asia ex Japan Index (All
Asian countries excluding Japan stock index). The
agricultural commodities that most largely spillover
on the world stock index (i.e., MSCI ACWI Index)
are soybeans (0.35), corn (0.22) and cotton (0.22).
On the other hand, the world stock index most
largely spills over on cotton (2.6) and cocoa (2.48).
The American stock market index is most largely
spilled over by corn (0.12) and soybeans (0.11), and
the former most largely spills over on cotton (1.21)
and cocoa (0.92). The European stock market index
is most largely spilled over by cotton (0.26) and
coffee (0.20), while the stock market most largely
spills over on cotton (2.47) and cocoa (2.05). The
Asia Pacific stock market index is most largely
spilled over by wheat (0.05), coffee (0.04) and lum
ber (0.04), and the stock market most largely spills
over on cotton (0.96) and cocoa (0.62).
Figure 1 shows the dynamics of total spillovers
when only the agricultural commodities are consid
ered and when the global and regional MSCI stock

Table 4. Spillover index among agriculture commodity and MSCI stock markets.

Wheat
Corn
Soybeans
Coffee
Sugar Cane
Sugar Beets
Cocoa
Cotton
Lumber
ACWI
Americas
Europe
Asia Pacific
To
All

Wheat
59.18
22.11
9.08
1.93
1.47
1.34
0.27
2.19
0.47
0.14
0.05
0.07
0.05
39.1
98.3

See the note in Table 3.

Corn
23.81
54.91
17.71
1.52
1.49
1.46
0.43
2.68
0.30
0.22
0.12
0.19
0.03
50.0
104.9

Soybeans
8.61
15.63
62.26
1.76
1.35
1.41
0.31
2.71
0.67
0.35
0.11
0.18
0.03
33.1
95.4

Coffee
1.57
1.12
1.39
78.47
3.55
3.08
1.62
1.06
0.61
0.14
0.03
0.20
0.04
14.4
92.8

Sugar
Cane
1.56
1.48
1.44
4.98
56.72
31.85
0.72
1.80
0.09
0.08
0.06
0.12
0.02
44.2
100.9

Sugar
Beets
1.45
1.32
1.50
4.36
31.66
56.52
0.75
1.43
0.00
0.05
0.02
0.14
0.01
42.7
99.2

Cocoa
0.18
0.18
0.25
1.50
0.47
0.58
88.94
0.63
0.17
0.09
0.03
0.02
0.10
4.2
93.2

Cotton
1.63
1.72
2.13
1.02
1.30
1.02
0.72
80.09
0.28
0.22
0.08
0.26
0.01
10.4
90.5

Lumber
0.28
0.17
0.44
0.48
0.03
0.01
0.16
0.18
93.61
0.18
0.08
0.13
0.04
2.2
95.8

ACWI
0.54
0.46
1.62
1.86
0.73
0.95
2.48
2.60
1.88
43.81
21.39
22.46
0.05
57.0
100.8

Americas
0.37
0.31
0.69
0.61
0.48
0.66
0.92
1.21
0.76
21.88
47.41
19.93
0.80
48.6
96.0

Europe
0.48
0.37
1.09
1.13
0.57
0.86
2.05
2.47
0.87
22.08
18.63
47.54
0.60
51.2
98.7

Asia
Pacific
0.33
0.23
0.41
0.37
0.18
0.27
0.62
0.96
0.32
10.76
12.00
8.76
98.22
35.2
133.4

From
40.8
45.1
37.7
21.5
43.3
43.5
11.1
19.9
6.4
56.2
52.6
52.5
1.8
432.3
Total: 33.30%
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Figure 1. Dynamics of the volatility spillover index.
The time evolution of spillovers indices is estimated using 200day rolling windows.

indices are considered. The spillover dynamics have
a resemblance in the long term. The spillovers
increase during the third quarter of 2010 and experi
ence a steady decline from then all the way until the
third quarter of 2014. This observed increase in spil
lovers among agricultural commodities during 2010
may have to do with the clear signs of recovery of the
world economy and stock markets worldwide after
the effect of the GFC. From 2014 to the third quarter
of 2015, the spillovers undergo a steady trend of
escalation that is followed by mild increases and
declines. The observed increase in spillovers between
agricultural commodities during 2014 is most likely
due to the sharp trend of decline oil prices underwent
in the second part of 2014. It is known that agricul
tural production is energy intensive; thus, the reduc
tion in oil prices made it cheaper for farmer to
produce.
Figure 2 displays the rolling-window plots of net
positive or negative spillovers for each agricultural
commodity considered. A positive value of
a spillover for a variable reveals that it is a net trans
mitter of spillovers. On the contrary, a negative value
displays that the variable is a net receiver of spillovers.
It can be observed that the spillovers of soybeans,
coffee and sugar cane are mostly negative and large,
implying that they mainly act as spillover receivers
throughout the sample period compared to spillover
transmitters. The spillovers of wheat are mostly nega
tive between 2010 and 2014, indicating that wheat acts
as a spillover receiver during that time period, and are
positive from 2014 to the middle of 2015 as well as
from 2016 to the end of the sample period. The
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spillovers of lumber are mainly positive throughout
the sample period, indicating it acts mainly as
a spillover transmitter. The spillovers of corn are in
general small and shift between positive and negative
throughout the sample period. From the middle of
2011 to 2014, corn acts as a spillover receiver; from
2014 to the middle of 2015, corn acts as a small spil
lover receiver. Corn also acts as a spillover receiver
from the second quarter of 2017 to the end of the
sample. The spillovers of cocoa are only negative from
the middle of 2013 to the third quarter of 2015. Sugar
beets act as spillover transmitters from the beginning
of the sample to 2016 and as spillover receivers from
2016 to the end of the sample. The spillovers of cotton
are positive between 2010 and 2016 and between the
third quarter of 2016 and 2019.
Figure 3 illustrates the network connectedness
among the agricultural commodities considered. It
can be observed that corn has large spillovers on
soybeans and medium size spillovers on wheat and
cotton. Sugar cane and sugar beets have medium size
spillovers on coffee and cotton. Wheat has small spil
lovers on cotton and soybeans. Cotton and coffee
serve mainly as spillover receivers, whereas corn and
sugar cane serve mainly as spillover transmitters. The
cocoa and lumber commodities are weakly connected
and influenced by other commodities. Figure 4 dis
plays the system-wide network connectedness
between the agricultural commodities and the global
stock markets considered. It can be observed that the
largest spillovers occur between the global and regio
nal equity markets. Overall, the spillovers between
global and regional equity markets and the agricul
tural commodities are weak.
Portfolio optimization results

In this section, we optimize the portfolio of agri
cultural commodities using the differential evolu
tion method. This type of portfolio optimization
allows for the identification of agricultural com
modities that most (least) contribute to total port
folio risk for an equally weighted portfolio. It is also
useful to estimate the optimal amounts of resources
to invest in each of the agricultural commodities
subject to a maximum (limit) contribution to total
portfolio risk.
Table 5 displays the portfolio optimization
results. The differential evolution optimization
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Figure 2. (Continued).

indicates that the agricultural commodities that
most add risk to the portfolio of agricultural
commodities are sugar cane, followed by wheat

and corn. On the other hand, the agricultural
commodities that add the least risk to the port
folio are cocoa, followed by lumber and cotton.

APPLIED ECONOMICS

1337

Figure 2. Rolling-window plots of net spillover index. (Continued).
By subtracting the directional ‘To’ spillovers from the directional ‘From’ spillovers, the dynamic net spillovers are calculated. A positive
value of a spillover for a variable represents that it is a net transmitter of spillovers. A negative value reveals that the variable is a net
receiver of spillovers.

Soybeans are neither too risky nor low risk in the
portfolio. The optimal weights under the con
straint of maximum risk contribution of 11.11%
indicates that those commodities with the lowest
contribution to total portfolio risk are allocated
to larger amounts of resources. For instance,
cocoa and lumber, the two lowest risk contribu
tors, are allocated 14% and 13%, respectively, of
the total financial resources available. These two
commodities are as a result the most desirable for

investment. By contrast, sugar cane and corn,
two of the largest risk contributors, are allocated
8.63% and 9.55%, respectively, of the total finan
cial resources available.
Portfolio risk management

Table 6 presents the optimal weights, hedge ratios,
and hedging effectiveness for stock and agriculture
commodity markets. The results show that the
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Table 5. Differential evolution optimization of the portfolio of
agricultural commodities.
Names
of
Commodities
Wheat
Corn
Soybeans
Coffee
Sugar Cane
Sugar Beets
Cocoa
Cotton
Lumber

Agricultural

Optimal
Weights
Max-RC:
11.11%
9.088
9.551
12.340
10.203
8.633
10.833
14.007
12.298
13.047

Risk Contribution
Equally weighted 1/
9
13.759
12.914
9.733
11.972
15.071
11.737
7.470
9.308
8.036

This table displays the portfolio optimization results corresponding to the
differential evolution method. The abbreviation Max-RC stands for max
imum risk contribution.

Figure 3. System-wide network across agriculture commodity mar
kets.
The magnitude of a net pairwise connection is indicated by the
size of the node. The magnitude of the net pairwise connected
ness is indicated by the edge size; the colour type also reflects
the magnitude of the connection with green (weak), light blue
(medium), and blue and red (strong).

Figure 4. System-wide network across agriculture commodity
and MSCI stock markets.
See the note in Figure 3.

optimal weights of the agriculture commodity are
less than 50% in all the cases. For example, the
weight ranges from 11.58% for MSCI ACWI-sugar
cane pair to 39.08% for MSCI Europe-soybeans.
These results indicate that investors should thus
hold more stocks than agriculture commodities in
their portfolios. The optimal weight for the MSCI
ACWI-sugar cane pair is 0.3908, indicating that for

Table 6. Optimal portfolios’ weights, hedge ratios, and hedging
effectiveness.
Portfolio Pairs
ACWI/Wheat
Americas/Wheat
Europe/Wheat
Asia Pacific/Wheat
ACWI/Corn
Americas/Corn
Europe/Corn
Asia Pacific/Corn
ACWI/Soybeans
Americas/Soybeans
Europe/Soybeans
Asia Pacific/Soybeans
ACWI/Coffee
Americas/Coffee
Europe/Coffee
Asia Pacific/Coffee
ACWI/Sugar_Cane
Americas/Sugar_Cane
Europe/Sugar_Cane
Asia Pacific/Sugar_Cane
ACWI/Sugar_Beets
Americas/Sugar_Beets
Europe/Sugar_Beets
Asia Pacific/Sugar_Beets
ACWI/Cocoa
Americas/Cocoa
Europe/Cocoa
Asia Pacific/Cocoa
ACWI/Cotton
Americas/Cotton
Europe/Cotton
Asia Pacific/Cotton
ACWI/Lumber
Americas/Lumber
Europe/Lumber
Asia Pacific/Lumber

wCt
0.1320
0.1668
0.2490
0.1858
0.1642
0.2041
0.2919
0.2239
0.2360
0.2811
0.3908
0.3115
0.1316
0.1625
0.2488
0.1862
0.1158
0.1481
0.2262
0.1646
0.1766
0.2186
0.3180
0.2428
0.1707
0.2104
0.3078
0.2327
0.1731
0.2141
0.3114
0.2384
0.1186
0.1511
0.2319
0.1663

βCt
0.0519
0.0581
0.0754
0.0627
0.0578
0.0652
0.0833
0.0697
0.0737
0.0824
0.1708
0.0884
0.0538
0.0598
0.0784
0.0651
0.0486
0.0545
0.0708
0.0588
0.0609
0.0683
0.0885
0.0737
0.0603
0.0675
0.0878
0.0726
0.0603
0.0674
0.0878
0.0729
0.0495
0.0553
0.0723
0.0595

HE ð%Þ
83.01
80.47
70.89
78.91
80.83
78.72
66.57
75.75
74.77
72.73
61.21
70.69
83.76
81.47
73.04
79.93
85.21
82.74
74.04
81.08
79.11
76.26
65.26
73.77
79.76
76.99
67.58
74.11
80.13
77.49
67.29
75.39
84.41
81.72
73.71
79.40

This table summarizes the results of the optimal weights and hedge ratios.
The numbers in bold indicate the hedged portfolio with the lowest and
highest variance reductions.

a 1 USD budget, a currency investor should invest
391 cents in gold and the remaining budget in MSCI
ACWI (609 cents) in their portfolios to minimize
risk, while keeping unchanged the expected return.

APPLIED ECONOMICS

Regarding the average optimal hedge ratios, the
hedge ratios for soybeans are higher than other agri
culture commodity markets. The hedge ratio value
reaches 17.08% for the MSCI Europe-soybeans pair,
meaning that a one-dollar long position in soybeans
should be shorted by 17.08 cents of the MSCI Europe
stock market. In contrast, the hedge ratios for the
Sugar cane are lower than other agriculture commod
ity markets. Among agriculture commodity markets,
we conclude that sugar cane is the most inexpensive
hedge for the stock markets, whereas soybeans are an
expensive hedge for these stock markets. The hedging
effectiveness results show that a mixed portfolio pro
vides more diversification benefits. More specifically,
we observe a mixed portfolio composed of ACWI and
agriculture commodities offers better hedging effec
tiveness than an individual stock portfolio. The hed
ging effectiveness results show that sugar cane offers
the best hedging effectiveness on the stock markets.
The overall findings of the portfolio analysis are
informative to market participants and suggestive of
the fact that agriculture commodities provide risk
diversification opportunities in stock portfolios.
VI. Conclusion

The analysis of spillovers between the prices of agri
cultural commodities and those of stock markets
continuous to draw the attention of academics, prac
titioners and policymakers because of the need to
improve portfolio risk management, diversification
and hedging in financial and commodity markets.
Also, understanding the spillovers stock markets
exert on agricultural commodity markets enables
policymakers to better trace the sources of inflation
on commodity markets. At the core of the discussion
regarding the relationship between agricultural com
modity and stock markets are the defensive nature
(i.e., less volatile in turbulent market times) of agri
cultural investments and the significant historical
negative correlation between those two markets,
making them attractive for improved equity portfo
lio construction and hedging during market down
turns (Spencer, Bredin, and Conlon 2018; Sadorsky
2014; Mensi et al. 2013). The drivers of agricultural
commodity prices, usually determined by their own
demand and supply in their physical markets, appear
to be different from those of equity prices, and are as
a result considered relatively more stable than equity
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prices (Zapata, Detre, and Hanabuchi 2012). It is
therefore within this context where analysing the
portfolio allocation and risk contribution of single
agricultural commodities, as well as the spillovers
between the prices of regional and global equity
markets and those of agricultural commodities is
worth pursuing.
In this study, by applying the directional spillover
index of Diebold and Yilmaz (2014) and
a differential evolution method, to daily frequency
price data spanning from 18 March 2009 to
12 February 2019, we have addressed the following
research questions: between which agricultural com
modities do the largest transmission and reception
of spillovers occur? What agricultural commodities
experience the most spillovers by global and regio
nal stock markets? What agricultural commodities
most largely spillover on the global and regional
stock markets? What agricultural commodities are
the largest (smallest) risk contributors to total port
folio risk? What agricultural commodities are the
most desirable for investment? Our results indicate
that the largest transmission and reception of spil
lovers occurs among wheat, corn and soybeans and
between sugar cane and sugar beets, respectively. All
global and regional stock market indices considered
most largely spillover on cotton and cocoa. The
world and Americas stock market indices are most
largely spillovered by corn and soybeans.
Additionally, while the European stock market
index is most largely spillovered by cotton, the
Asia Pacific stock market index is most largely spil
lovered by wheat and coffee. The portfolio optimi
zation shows that sugar cane, followed by wheat and
corn, are the largest contributors to total portfolio
risk, whereas, cocoa, followed by lumber and cotton
are the lowest risk contributors. The largest amounts
of resources are allocated to cocoa and lumber
which are the lowest risk contributors to total port
folio risk and the most desirable for investment.
Finally, the hedging effectiveness results indicate
that sugar cane offers the best hedging effectiveness
on the stock markets. The overall findings of the
portfolio analysis are informative to market partici
pants and suggestive of the fact that agriculture
commodities provide risk diversification opportu
nities in stock portfolios.
The implications of the results suggest that agri
cultural commodity traders could design risk
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management and hedging strategies by tracking the
performance of stock markets that most strongly
impact the prices of traded agricultural commod
ities. Financial portfolio investors and growers of
agricultural commodities could use the obtained
findings to optimally hedge across equity and agri
cultural commodity markets, and to forecast future
prices of equity and agricultural commodities. For
policymakers the spillovers received by agricultural
commodities from equity markets matter because
of the effect they can have on price inflation. Lastly,
for investors in portfolios of agricultural commod
ities, knowing what agricultural commodities are
most risky and least risky helps to more accurately
determine the allocation of financial resources and
investment strategy.
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