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)is paper employed wavelet coherence and partial wavelet coherence to investigate the time-frequency effect of global economic
policy uncertainty on the comovement of five agricultural commodities such as maize, oat, rice, soybean, and wheat usingmonthly
data from January 1997 to December 2019. In general, we observed heterogeneity in comovement structures of the agricultural
commodities market at different time-frequency scales which are profound at high frequencies from the bivariate wavelet
coherence. )e partial wavelet coherence analysis shows that global economic policy uncertainty is a driver of agricultural
commodity market connectedness. )is implies that extreme changes in economic policy uncertainty have the tendency to
influence commodity price comovement. )is poses risk to the stability of the agricultural commodities market, which requires
the policymaker’s intervention to protect against the spillover risk contagion effect in uncertain times.

1. Introduction

)e surge in price and price volatility of agricultural
commodities, especially food prices, has attracted the at-
tention of academics, policymakers, investors, farmers, and
consumers to this market because of its immediate impact
on food security around the world, particularly low-income
food-deficit countries. )e prices of agricultural com-
modities have experienced long-term and sharp fluctua-
tions since the year 2000. )e prices of major agricultural
commodities, from 2006, have generally exhibited upward
trends with a sharp fluctuation in 2013 and 2014. )ese
behaviours have attributed to external factors such as
macroeconomic uncertainties, agricultural production, fi-
nancial crises, large and persistent demand, biofuels de-
mand, different stock market phases, and climate warming
[1–6]. For example, the outbreak of COVID-19 in 2019
has overturned the stagnation in food prices after its
downward trend in 2015-2016. )e Food and Agricultural

Organisation Food Price Index surged to its highest level
since 2014.

Moreover, the financialization in commodity markets
has changed the dependency structure of agricultural
commodity markets [7, 8]. Consequently, the traditional
description of commodities in general as an asset class that
reliably delivers returns with low correlation to the stock
market has changed [9–13]. It instructive to note that ag-
ricultural commodity financialization has increased the
comovement and volatility spillover within its market and
with the traditional asset classes, limiting its diversification
benefits [14–17]. )e interest of academics and market
participants has therefore been drawn to the level of
comovement and predictors of commodity prices and
volatility spillover [7, 17, 18]. )e comovement or otherwise
of these commodities provides important information to
portfolio investors on diversification opportunities and
policymakers on policy interventions to mitigate price
fluctuations on the world poorest people.
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Several studies have examined the drivers of agricultural
commodities, and different external factors have been
identified which include crude oil prices, stock market
phases, exchange rate, and production indices [14]. )e
interdependency structure of agricultural commodity prices
has been studied and observed with varying degrees of
interdependence [1, 17]. For example, Živkov et al. [7]
analysed the comovement structure of five agricultural
commodities (corn, wheat, soybean, rice, and oats) using
wavelet coherence and phase difference and observed low
coherence at shorter time-horizons among the commodities,
while periodic coherence at longer time-horizons was found.
In the work of Amrouk et al. [17], a multivariate Copula-
DCC-GARCH model was employed to investigate the price
dynamics among maize, wheat, soybeans, cotton, coffee,
cocoa, and sugar futures prices. )e results show that the
intensity of interaction varies considerably over the sample
time but is generally positive and stronger during the period
2007–2012 associated with high commodity prices and fi-
nancial market stress. A recent study by Yuan [19] showed
that agricultural commodity markets of corn, wheat, soy-
beans, soya oil, cotton, and oats tend to crash (boom) to-
gether during extreme events using the Copula-GARCH
model.

)ese strands of findings bring to the fore the funda-
mental question of what drives commodity price interde-
pendence. )e 2007–2011 general boom in international
commodity prices has not only been cited as the cause of
agricultural commodity hikes but also increases the inter-
dependency [5, 18–20]. Similarly, Wang et al. [6] linked
episodes of crisis such as adverse weather, export bans, fi-
nancial crisis, and depreciation of dollars to the changing
behaviour of agricultural commodities (food prices). )ese
have heightened the interest of uncertainty on the behaviour
of agricultural commodities.

)e theoretical evidence of Keynes [21] and Working
[22] identified term structure, hedging pressure, and risk
factors as the main drivers of commodity return behaviour.
Economic policy uncertainty represents information about
the future state of the economy with regards to regulation,
fiscal policy, and monetary policy. Pastor and Veronesi [23]
theoretical model showed that government economic policy
uncertain will lead to both correlations in stock prices and
increases in volatilities. By analogy, we expect that global
economic policy uncertainty will lead to similar asset price
comovements in global financial markets. Frankel [24]
showed the importance of monetary policy for commodity
prices. As an element of economic policy, Frankel [24]
argument on monetary policy also supported the links be-
tween economic policy uncertain and commodity prices.

While the above views support the commodity price and
economic policy uncertain linkage, one may still ask what
about comovement of commodity prices? Policy uncertainty
is also found related to corporate investment [25, 26]. From
an investment perspective, global economic policy uncer-
tainty affects investment in the agricultural produces af-
fecting supply and hence the commodity price comovement.
Global economic uncertainty also increases calls and at-
tempts for global policy coordination [27]. Such policy

coordination in response to global economic policy un-
certainty implies that commodity prices may share common
shocks. Another channel through which global economic
policy uncertain may drive commodity price comovements
is the domestic agricultural policy response to global eco-
nomic policy uncertainty. )e intuition is that not all
countries are dominant producers of all commodities, and
with global economic uncertainty affecting terms of trade,
commodity prices comovements will result in the equilib-
rium as the countries adjust to the global economic policy
uncertainty. Based on the number of newspaper articles
regarding policy uncertainty from national or regional
leading newspapers, Baker et al. [28, 29] developed an index
to measure EPU, which is more universal and applicable for
comparison and can continuously track policy uncertainty.

Subsequently, numerous studies provide ample evidence
on the EPU effect on commodity returns (Wang et al. [30];
Reboredo et al. [31]; Shahzad et al. [32]) and economic
agents that affect commodity markets such as oil prices and
stock returns [33–37]. )e role of EPU as the driver of the
time variation in asset correlations has also received at-
tention. Fang et al. [38] showed that EPU harms U.S. stock
and bond market correlations, while Fang et al. [39]
documented a positive policy uncertainty effect on the long-
run oil-stock correlation. Recently, Badshah et al. [40]
documented that the EPU effect on stock-commodity cor-
relation is stronger during weak economic conditions. As far
as we know, there is no previous study that analysis the EPU
effect on agricultural commodity price comovement.

)is study extends the literature on the EPU effect on
asset correlations comovement and examines the effect of
EPU on the comovement of agricultural commodities
(maize, wheat, soya bean, rice, and oats) returns. )e focus
on agricultural commodities is motivated by the importance
of risk mitigation of food prices to food security concerns.
Correlation plays an important role in asset allocation de-
cisions, risk management, and analysis of risk transmission
across assets. Specifically, the study provides new evidence
by adjusting for the possible influence of EPU using partial
wavelet coherence and wavelet coherence, which is lacking
in the comovement of agricultural commodities in previous
studies (see, for example, Živkov et al. [7]; Amrouk et al.
[17]). )e advantage of the use of wavelet-based methods is
well documented in the literature (see [41–44]). )is paper,
therefore, investigates the partial correlations in the agri-
cultural commodity prices by including (excluding) the
influence of EPU.

2. Methodology

)e application of wavelet transforms is widespread in time
series econometrics to deal with nonstationary problems in
time series. Wavelet transforms come in two forms, namely,
discrete wavelet transforms (DWT) and continuous wavelet
transforms (CWTs). In this paper, we employ only CWT for
our analysis since DWT is useful for noise reduction and
data compression, while CWTallows for good identification
and isolation of periodic signals, by providing a balance
between localisation of time and frequency and appears to
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provide a better trade-off between detecting oscillations and
peaks or discontinuities [41, 43, 45].

2.1. Continuous Wavelet Transform and Wavelet Coherence.
)e CWT is a powerful technique to assess the dynamics of
nonstationary variables over frequency and time domain
space. As required, the localized time-frequency space and
zero mean must be ensured in the wavelet function de-
composition of the time series. )is allows for information
from the local neighbourhood based on decomposition to be
obtained. We specifically employ wavelet coherence under
Morlet specification, which is defined as follows:

Ψu,s(t) � s
− 1/2Ψ

t − u

s
 , Ψ(·) ∈ L

2
(R), (1)

where s− 1/2 is the normalization factor, which ensures that
the unit variance of the waveletΨu,s(t)2 � 1; u is the location
parameter, which provides the exact position of the wavelet;
and s is the scale dilation parameter, defining how the
wavelet is stretched or dilated. )us, the Morlet wavelet can
be defined as follows:

φM
(t) � π− 1/4

e
iωot

e
− t2/2

, (2)

where ωo is the central frequency of the wavelet. We follow
the extant literature to set ωo � 6 [42, 45, 46].

A continuous wavelet transform Wx(u, s) is obtained via
the projection of a wavelet Ψ(·) on the examined series x(t)

so that

Wx(u, s) � 
∞

−∞
x(t) s

− 1/2Ψ∗
t − u

s
 dt, (3)

where Ψ∗(·) is a complex conjugate of Ψ(·). By projecting
the specific wavelet Ψ(·) onto the selected time series, we
easily obtain Wx(u, s). )e main advantage of a CWT is its
ability to decompose and reconstruct the function x(t) ∈
L2(R) as follows:

x(t) �
1
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∞
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s
2 , s> 0. (4)

)e power spectrum analysis can then be calculated
using Equation (4), with the specification of the variance
being

x
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2
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s
2 , s> 0. (5)

)e red noise background spectrum is employed to
define the null hypothesis in significance tests for peaks in
the wavelet power spectrum. Following Torrence et al. [47]
and Torrence et al. [48], the red noise background spectrum
is computed using Monte Carlo simulations. )erefore, the
corresponding local wavelet power spectrum distribution for
each time n and scale s can be

D
W

x
n(s)

2

δ2x
<p ⇒

1
2
PfX

2
v, (6)

where the mean spectrum at Fourier frequency f is denoted
by Pf. )e wavelet scale s corresponds to the Fourier

frequency (s 1/f). )e real wavelet has v � 1, and the complex
wavelet v � 2. )e variance of the corresponding variable is
denoted by δ2x.

Following Rua et al. [44], we define the cross-wavelet
transform of two commodities market series (X) and (Y) as
follows:

W
XY
n (s) � W

X
n (s)W

Y∗

n (s), (7)

where WX
n (s) and WY

n (s) are individual wavelet spectra, u
denotes the position, s denotes the scale, and ∗ indicates
complex conjugation. )e cross-wavelet transform shows
the area in time-space with high common power. )erefore,
WY∗

n (s) is the complex conjugate of WY
n (s). )e cross-

wavelet power |WXY
n (s)| measures the mutual local co-

variance on each scale. )erefore, the wavelet coherence of
the two time series and y � yn  is defined by searching the
frequency bands and time intervals in which they covary.
)is provides a useful tool for detecting comovement in
commodities markets. Grinsted et al. [38] defined it as the
squared absolute value of normalizing a wavelet cross-
spectrum to a single wavelet power spectrum. Similarly, we
define wavelet coherence as squared wavelet coefficient as
follows:

R
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− 1

Wxy(u, s) 
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2

 S s
−1
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2

 

, (8)

where S denotes the smoothing parameter, which balances
resolution and significance. Also, the bias problem in the
wavelet power spectrum and wavelet cross-spectrum is
eliminated by the normalizing function of the wavelet co-
herence. )e values of the wavelet coherence coefficient
satisfy the inequality 0≤R2(x, y)≤ 1. Wavelet coherence
close to one shows a higher similarity between the time
series, while coherence near-zero depicts no relationship.

As indicated by Madaleno et al. [49] and Torrence et al.
[47], the phase for wavelet depicts any lead/lag linkages
between two time series and can be defined as follows:

∅xy � tan− 1 J W
xy
n 

R W
xy
n 

 , ∅xy ∈ [−π, π], (9)

where J and R are the imaginary and real parts of the
smoothed cross-wavelet transform, respectively. In the
wavelet coherence map, directional arrows are used to
distinguish different phase patterns. For instance, if x(t) and
y(t) are in phase (antiphase), the arrow points to the right
(left). Similarly, if the arrow points down (or up), this
implies that y(t) (or x(t)) is leading.

2.2. Partial Wavelet Coherence. Wavelet coherence reveals
intermittent correlations and provides the significant map
when a correlation is real [43, 50, 51]. In the case where there
is an intervening effect from a different variable, wavelet
coherence is unable to give an accurate correlation. Partial
wavelet coherence (PWC) is a technique similar to the
partial correlation that helps find the resulting WTC be-
tween two time series x and y after eliminating the influence
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of the time series z. Similarly, in wavelet applications, PWC
can help to eliminate the influence of time series z(t) on the
wavelet coherence between x(t) and y(t). Mihanović et al.
[52] extended the concept of simple linear correlation and
suggested that the PWC can be defined using an equation
similar to the partial correlation squared as follows:

R
2
p(x, y, z) �

R(x, y) − R(x, z) · R(x, y)
∗

2

[1 − R(x, z)]
2
[1 − R(y, z)]

2 , (10)

where R2
p(x, y, z) ranges from 0 to 1 and has a similar

interpretation as R2(x, y). Specifically, a low R2
p region

observed where a high R2 region is found indicates that the
time series y does not have a significant influence on x.
Instead, the time series z dominates the variance of x. If there
is no difference between R2

p and R2, both y and z have a
significant influence on x. In this paper, x and y denote the
agricultural commodities market returns while z denotes the
EPU returns.

2.3. Data andAnalysis. )e data set for this analysis consists
of monthly data on global economic policy uncertainty
(EPU) index and monthly period average price of the five
major agricultural commodities—maize, wheat, soybean,
rice, and oats from January 1997 to December
2019—yielding 276 observations. )e period is characterised
by considerable global uncertainty, such as the global fi-
nancial crisis, the sovereign debt crisis in Europe, Brexit, the
US presidential election, and US-China trade tension,
making it an ideal period for the study. )e EPU developed
by Baker et al. [28] was obtained from the website https://
www.policyuncertainty.com/index.html and commodity
prices from IMF Primary Commodity Prices Database. )e
analysis was based on the returns of monthly prices/indexes
given as

rt � lnPt − lnPt−1, (11)

where rt is the continuously compounded return and Pt and
Pt−1 are the respective current and previous prices/indexes.

We began the analysis by investigating the statistical
distribution of returns; it is appropriate to have quick
behavioural trajectories of the agricultural commodity prices
and returns as well as EPU indices. Figure 1 shows the
graphical representation of the trend of the time series plot
of both indices and returns of the five agricultural com-
modities and EPU over the study period. A glance shows that
all the commodity indices were trending upward and
exhibited quite a similarity in dynamic patterns until the
outbreak of the global financial crisis and then plunged in
2008. Recovery was observed between 2010 and 2013 and
then nosedived until 2018. )e recovery from 2018 has been
one of a mixed.

)e EPU, however, generally showed an upward trend
over the study period except between 2003 and 2007. )is is
expected because of episodes of global financial and political
uncertainty in recent years. )is trajectory behaviour of all
indices might induce correlations among them. Table 1
presents the pairwise correlation among the indices, and

the results showed low to moderate correlation among the
agricultural commodities and no correlation with EPU.

A glance at the descriptive statistics of the return pre-
sented in Table 2 reveals key features of the return rates of
the series included in the study. All the return series had
positive means in the period considered, and only two out of
the six series had negative skewness. )e negatively skewed
returns indicate that higher losses are more frequent than
higher gains. )e returns of all series are relatively sym-
metrical except for rice. All the series depart from normality
with high kurtosis except for oats, which means that the
returns are heavy-tailed relative to a normal distribution.
)is is not surprising as it is a well-known stylized fact of
assets in the financial literature [53].

In the first step, the pairwise wavelet coherence plots of
the five selected agricultural commodities are presented as a
benchmark before investigating the partial wavelet coher-
ence. )e wavelet coherence maps are used in this study to
assess the strength of the interdependence both in time and
frequency domains. )e time component is displayed on the
horizontal axis, while the vertical axis displays the frequency
(the lower the frequency, the higher the scale). )e region in
time-frequency space where the pair-wise time series covary
is indicated by the warm colour. )e strength of the in-
terdependence between paired series is indicated by the
colour of the surface and depicted by the colour pallet. )e
warmer colour (red) represents regions with significant
interrelation, while the colder colour (blue) signifies a lower
dependence between the series. )e crosshatch indicates
regions inside the cone of influence, and the thick black
contour indicates a 95% confidence level obtained from the
Monte Carlo simulations, whereby cold regions beyond the
significant areas represent time and frequency with no
dependence in the series. An arrow in the wavelet coherence
plot shows the lead/lag phase relations between the paired
series. A zero-phase difference means that the two paired
time series move together on a particular scale. When the
arrows point to the right, the paired time series are said to be
in phase (move in the same direction), while the arrows to
the left indicate antiphase (move in the opposite direction).
Arrows pointing to the right-down or left-up indicate that
the first variable is leading, while arrows pointing to the
right-up or left-down show that the second variable is
leading.

Figure 2 shows the partial and bivariate wavelet co-
herence explaining the pairwise coherence plots between
maize, wheat, soybean, rice, and oats with EPU as a covariate
variable. )e results of bivariate wavelet coherence are
presented on the left-hand side, whereas that of partial
wavelet coherence on the right-hand side. )e wavelet co-
herence map in Figure 2(a) shows that the comovement
between oats and the rest of the agricultural commodities
such as maize, wheat, soybean, and rice is primarily con-
centrated in 0–32 month cycles. Several small islands were
observed in a period of 0–8 month cycles throughout the
study period and extended to 32 month cycles with intense
connectedness between 2007 and 2013. Maize, however,
showed strong interdependence with rice, soya bean, and
wheat. It is worthy to note that maize perfectly serves as both
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a substitute and complements to these classes of cereals and
therefore not a surprise to have its price returns highly
connected. )e coherence is very strong at 64–128 month
cycle for all periods of study and gradually for all months’
cycle after 2018. )e comovements between rice, soya bean,
and wheat are not different from the interrelations of maize
with rice, soybean, and wheat. In general, the pattern of

pairewise comovements among the agricultural commodi-
ties is in phase, but it is not clear which leads the market. It is
important to note that in all cases, the correlations were
profound during the period characterising the commodity
price boom and the global financial crisis.)is observation is
consistent with the findings of prior studies that the price
returns of related agricultural commodities move together
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Table 2: Descriptive statistics.

EPU Maize Oat Rice Soya Wheat
Mean 0.0044 0.0013 0.0024 0.0004 0.0008 0.0001
Median -0.0061 0.0010 0.0026 -0.0027 0.0019 -0.0009
Maximum 0.7690 0.2197 0.2242 0.4116 0.1656 0.2502
Minimum -0.4964 -0.2455 -0.2205 -0.1901 -0.2495 -0.2602
Std. dev. 0.1770 0.0583 0.0745 0.0553 0.0589 0.0695
Skewness 0.6474 -0.2158 0.1281 2.1990 -0.4524 0.0787
Kurtosis 4.9170 5.1900 3.4231 18.4220 5.0797 4.6689
Jarque–Bera 61.5388∗∗∗ 57.3005∗∗∗ 2.8136 2957.5670∗∗∗ 59.1504∗∗∗ 32.3154∗∗∗
Observations 275 275 275 275 275 275
∗, ∗∗, and ∗∗∗ indicate 10%, 5%, and 1% significance level, respectively.

Table 1: Correlation matrix of EPU and selected agricultural commodities.

EPU Maize Oats Rice Soya bean Wheat
EPU 1.0000
Maize 0.0089 1.0000
Oats −0.0005 0.4965∗∗∗ 1.0000
Rice −0.0086 0.1077∗ 0.1098∗ 1.0000
Soya beans −0.0755 0.6555∗∗∗ 0.3685∗∗∗ 0.0446 1.0000
Wheat −0.0076 0.5588∗∗∗ 0.3572∗∗∗ -0.0663 0.4931∗∗∗ 1.0000
∗, ∗∗, and ∗∗∗ represent 10%, 5%, and 1% significance levels, respectively.
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Wavelet coherence: maize-rice Partial wavelet coherence: maize-rice | EPU

Wavelet coherence: maize-wheat Partial wavelet coherence: maize-wheat | EPU
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Wavelet coherence: maize-soya bean Partial wavelet coherence: maize-soya bean | EPU

Wavelet coherence: rice-soya bean Partial wavelet coherence: rice-soya bean | EPU
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Figure 2: Continued.
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[19, 54]. In particular, we detected a high correlation during
the financial crisis between the five agricultural commodities
(corn, wheat, soybean, rice, and oats) similar to Živkov et al.
[7] and Yuan [19] but more profound coherence. )e dif-
ference in comovement structure emanates from the fre-
quency of the data used; daily data are susceptible to
speculation and noisy behaviour. )e right side of Figure 2
illustrates the partial wavelet coherence among the com-
modities prices such as maize, wheat, soybean, rice, and oats
with EPU as a covariate variable (i.e., excluding the influence
of EPU). A substantial decrease in the strength of the co-
herence area among the commodities in all cases for the
partial wavelet coherence indicates that EPU is a key driver
of the comovement of the selected commodity prices. )e
finding highlights the importance of economic policy un-
certainty as a driver of assets prices connectedness across
financial markets, particularly commodity prices following
the financialization of commodity markets [17, 55–57]. )e

financialization of commodity markets has affected the in-
formation transfer, improves market liquidity, and
strengthens the commodity equity market comovement,
making commodity prices susceptible to drivers of financial
markets [4, 15, 17, 19, 20, 58, 59]. In summary, uncertainty
in global economic policy as a significant driver of
comovement between agricultural commodities price
returns has policy implications. It suggests a greater inte-
gration of agricultural commodity markets with prices
booming and crashing together during uncertain times. )is
calls for policymakers to devise strategies to mitigate eco-
nomic policy uncertainty shocks to agricultural commodity
prices. Again, the interdependency in the market poses risk
to the stability of the agricultural commodities market,
which requires the policymaker’s intervention to protect
against the spillover risk contagion effect in uncertain times.
)e correlation of assets is key in portfolio construction,
diversification, and risk management in asset markets. )e
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Figure 2: )e left side plots bivariate wavelet coherence between commodity markets. )e right side illustrates the plots of partial wavelet
coherence between commodities markets when the effect of global economic policy is removed.
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differences in correlation structure at different time scales
present unique information on both contagion and inter-
dependence which are critical for commodity traders who
desired to form a portfolio of agricultural commodities. )e
wavelet coherence at high frequency signifies contagion
and interdependence at low frequencies. Consequently,
investors must employ different trading strategies for
different investment horizons. For example, oats correlate
less with all other commodities in high time scales, and
therefore the inclusion of oats in commodities portfolio
will require a longer investment horizon to minimise the
variance of the portfolio. By applying partial wavelet co-
herence using global economic policy uncertainty as a
covariate, new information is provided to investors. A
sharp decline of the comovement in any paired com-
modities suggests that economic policy uncertainties limit
the diversification benefits of the agricultural commodities
portfolio. It is therefore important that investors pay at-
tention to global risk factors which tend to create uncer-
tainty in economic policies. )e comovement of
agricultural commodities, especially upward movement,
poses a threat to food insecurity to the poorest population.
)e evidence of sizable price spikes in times of uncertainty
requires the government to implement policy interventions
to minimise its impact on the poorest populations which
will be enhanced through policy intervention.

3. Conclusion

)is paper investigates the time-frequency effect of eco-
nomic policy uncertainty on the comovement of five agri-
cultural commodities using wavelet coherence and partial
wavelet coherence. A monthly average price of maize, oat,
rice, soybeans, and wheat from January 1997 to December
2019 as well as global economic policy uncertainty of the
same frequency for the same period was used. )e use of
bivariate wavelet coherence together with partial wavelet
coherence overcomes the problems of variation in time-
frequency space and traditional two-variable methods of
calculating comovement. )e use of economic policy un-
certainty as a covariate for the comovement between agri-
cultural commodity returns provides a better understanding
and information on the interaction of agricultural com-
modities markets.

)e result from bivariate wavelet coherence shows
heterogeneity in the comovement structure of the agricul-
tural commodities market at different time-frequency scales
which are profound at high frequencies. It is also evident that
maize correlates strongly with all agricultural commodities
studied. Similar to partial correlation, partial wavelet co-
herence analysis provides the resulting wavelet coherence
between agricultural commodity prices after eliminating
common factors of dependency of global economic policy
uncertainty. By removing the effect of global economic
policy uncertainty, a substantial decrease in the strength of
the coherence area among the commodities in all cases was
observed. )us, according to the partial wavelet coherence
analysis, global economic policy uncertainty drives the
comovement of commodity prices.

)e heterogeneity of correlation structure at different
time scales presents unique information to commodity
traders desired to form a portfolio of agricultural com-
modities for trading strategies to adopt. A sharp decline in
the comovement of any paired commodities suggests that
economic policy uncertainties limit the diversification
benefits of the agricultural commodities portfolio. It is
therefore important that investors pay attention to global
risk factors, which tends to create uncertainty in economic
policies. )e comovement of agricultural commodities, es-
pecially upward movement, poses a threat to food insecurity
to the poorest population. )e evidence of sizable price
spikes in times of uncertainty requires the government to
implement policy interventions to minimise its impact on
the poorest populations which will be enhanced through
policy intervention.
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pendence between the major agricultural commodities,”
Agricultural Economics Czech, vol. 65, pp. 82–92, 2019.

[8] M. A. Hernandez, R. Ibarra, and D. R. Trupkin, “How far do
shocks move across borders? Examining volatility transmis-
sion in major agricultural futures markets,” European Review
of Agricultural Economics, vol. 41, no. 2, pp. 301–325, 2014.

Complexity 11

https://data.imf.org/?sk=471DDDF8-D8A7-499A-81BA-5B332C01F8B9
https://data.imf.org/?sk=471DDDF8-D8A7-499A-81BA-5B332C01F8B9


[9] H. Bessembinder, “Systematic risk, hedging pressure, and risk
premiums in futures markets,” Review of Financial Studies,
vol. 5, no. 4, pp. 637–667, 1992.

[10] H. Bessembinder and K. Chan, “Time-varying risk premia and
forecastable returns in futures markets,” Journal of Financial
Economics, vol. 32, no. 2, pp. 169–193, 1992.

[11] G. Gorton and K. G. Rouwenhorst, “Facts and fantasies about
commodity futures,” Financial Analysts Journal, vol. 62, no. 2,
pp. 47–68, 2006.

[12] K. Tang and W. Xiong, “Index investment and the financi-
alization of commodities,” Financial Analysts Journal, vol. 68,
no. 6, pp. 54–74, 2012.

[13] Z. Adams and T. Glück, “Financialization in commodity
markets: a passing trend or the new normal?” Journal of
Banking & Finance, vol. 60, pp. 93–111, 2015.
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