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Abstract

In this paper, we examine the volatility of commodity prices around the world using monthly data for
the time period 1960-2022. During this period, there were significant economic crises that increased
the prices of both energy and non-energy commodities in the short term. These past crises may
provide insights into the behavior of current crises, as they generally exhibit similar patterns. We use
fractional integration methods and find that the volatility for each variable exhibits mean reversion,
with the effect of the shocks disappearing in the long run. While this may seem obvious, our paper is
the first to empirically demonstrate this significant process of convergence using a flexible time series
model. As an additional contribution, we complement our analysis by incorporating a fractional
cointegration test to examine potential relationships among the commodity prices. Our findings reveal
the existence of four distinct cointegrating relationships within the set of ten commodity prices. This
implies that these commodities are not entirely independent and may share underlying connections
that contribute to their price movements over time. This valuable insight further enriches our
understanding of the intricate interactions within the commodity market. We conclude that although
countries do not have effective policies for mitigating volatility, it is only a short-term phenomenon
that will disappear in the long term.
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1. INTRODUCTION

Global macroeconomic shocks have been a significant source of commodity price
volatility since the stagflation of the 1970s. Commodity prices refer to the market prices
of raw materials or primary agricultural products such as oil, gold, copper, wheat, etc.
These prices are determined by supply and demand factors, as well as by geopolitical
events, weather conditions, and other factors. Commodity prices can have a significant
impact on the global economy, as they can affect the cost of production for businesses
and the prices consumers pay for goods and services. In addition, when commodity
prices rise, countries that are net exporters of these commodities can experience
economic growth. Overall, commodity prices can be an important indicator of the health
of the global economy, and fluctuations in these prices can have significant impacts on
businesses, consumers, and entire countries.

Decades ago, several economic crises were triggered by spikes in commodity
prices, and the current economic scenario exhibits some similar patterns of behavior.
One primary cause of variability in global commodity prices was the oil price shocks of
the 1970s and 1980s, which led to significant economic dislocations and geopolitical
instability. Today, in 2023, we are witnessing a similar trend, with the prices of many
commodities, including oil and gas, among others, experiencing significant increases.
As a result, there is significant inflation in all products around the world. The increase in
prices cannot be attributed to a single factor, but rather is the result of a complex
interplay of multiple reasons.

There are several significant reasons behind the increase in commodity prices.
First, the COVID-19 pandemic has disrupted global supply chains, leading to shortages
and surpluses in certain commodities. Second, geopolitical tensions between countries
or regions can impact the supply of commodities. Third, increasing demand from
emerging markets such as China and India have led to price increases for commodities
due to competition for limited supplies. Finally, the ongoing war between Russia and
Ukraine has caused disruptions to the supply of natural gas and electricity, resulting in
sharp price increases in the global energy markets. The complexity of these factors
highlights the critical concern of commodity price volatility for economists. So far, there
has been limited research on the topic of commodity price volatility, with only a few
papers exploring this issue. However, this is a topic that deserves further investigation,
given the significant impact that volatility in commodity prices have on economies
around the world.

The objective of this study is to analyze volatility in global commodity markets.

The commodity prices we consider are energy and non-energy commodities (precious
metals, metals, and minerals). Specifically, we aim to examine the flow of volatility
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over the time period of our sample (1960-2022). Another objective, which further
complements the volatility analysis, is to examine the potential cointegration
relationships that may be present between commodities. To ensure that our study is
innovative and has not been explored before, we conducted a review of the literature.
We find that this idea has not been explored using an updated sample, as we have
done, nor has it been examined using flexible methods like fractional integration and
cointegration.

Following, among others, Granger and Ding (1995), we investigate volatility
using proxies such as absolute returns and squared returns. They suggest these two
measures might present some degree of long memory behavior. Therefore, we estimate
the order of integration of the series to test if long memory holds and if mean reversion
takes place in the data.

This paper contributes to the existing limited of literature on commodity market
volatility by presenting several novel insights and offering evidence of fractional
cointegrating relationships among these commodity prices. This evidence strongly
suggests a connection among various worldwide commodities. To the best of our
knowledge, this study is also the first to comprehensively investigate volatility
persistence in worldwide commodity markets using fractional integration, while
simultaneously examining potential relationships among these commodity prices
through fractional cointegration within sample 1960-2022. This dual approach enhances
the understanding of both the volatility of the worldwide commodity market and the
interconnectedness of these commodities.

We use a simple version of a testing procedure of Robinson (1994), which
permits us to test unit roots in potentially fractional contexts with a standard null limit
distribution, which is unaffected by the inclusion or not of deterministic trends. To
complement the aforementioned approach, we employ the fractional cointegrated
vector autoregressive (FCVAR) methodology developed by Johansen (2008) and
subsequently refined by Johansen and Nielsen (2010, 2012, 2014) to address the
second aspect related to the cointegration relationships. Specifically, this study makes a
fourfold contribution.

(i) First, it applies fractional integration techniques to provide evidence of the
stochastic properties of prices and volatility proxies. This approach is more general than
the standard I(0)/I(1) specifications, as it allows for fractional values of the integration
parameter, avoiding restrictive assumptions on the dynamic behavior of individual
series.

(ii) Second, regarding the findings in the context of commodity prices, our
analysis indicates that only the crude oil of Dubai exhibits mean reversion. This implies
that, unlike other commodity markets, the price of oil in Dubai tends to return to its
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long-term mean after experiencing short-term fluctuations. The case of Dubai is
exceptional, as its economy is stable and it has a large reserve of oil, which makes its
production less dependent on fluctuations in the global market and less sensitive to
economic crises and price fluctuations. These factors have collectively contributed to
Dubai's resilience and prosperity in the face of global economic uncertainties.

(iii) Third, our analysis shows that all the volatility proxies in commodity
markets, such as absolute and squared returns, exhibit mean reversion. This finding
expands upon the existing literature on volatility persistence in commodity markets, as
it suggests that even highly volatile markets tend to revert to their mean values over
time. This indicates that they tend to return to their long-term average after
experiencing short-term fluctuations, which is a normal phenomenon in the markets as
volatility cannot persist indefinitely. This suggests that any periods of high volatility
caused by crises or global catastrophes are temporary and will eventually disappear.

(iv) Our findings reveal the presence of four distinct cointegrating relationships
among the ten commodity prices. This suggests that these commodities, despite being
situated in different parts of the world, are not entirely isolated entities; instead, they
appear to share underlying connections that contribute to their price fluctuations over
time on a global scale. This significant revelation deepens our understanding of the
intricate interplays within the domain of commodity trading.

The rest of the article is structured as follows: Section 2 provides a brief
literature review of papers related to commodity market volatility. Section 3 describes
the data used in our analysis. In Section4, we outline the methodology employed.
Section 5 presents the results and discussion. Finally, Section 6 concludes the research.

2. BRIEF LITERATURE REVIEW

This first part of the review focuses on commodity price volatility. We have
selected prominent investigations, starting with the seminal work of Samuelson (1965),
who was the first to find that commodity prices fluctuate randomly. Over time, other
studies pointed in a similar direction. Understanding the nature of this stochastic
behavior is crucial for commodity markets. Pindyck (2001) used the unit root test to
assess crude oil, gas, and coal data for the period 1870-1996 (in yearly data) for the
U.S. dataset. He shows that the price mean reverts to stochastically varying trend lines.
Beck (2001) investigated volatility clustering in commodity price distributions. The data
used included 20 commodity prices from 1840 to 1996. The kind of method used to
analyze this issue was GARCH-type models and it was found that changes in the
expected price variance do not significantly affect pricing.
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Geman (2007) investigated energy commodity prices of oil and gas. The sample
spanned 13 years, from 1994-2007. The Dickey and Fuller (ADF, 1979) and Phillips-
Perron (PP, 1988) tests were utilized. The study found evidence of mean reversion in
the sample up to the year 1999 for the two variables. However, starting from 2000,
there has been volatility and a transition into a random walk.

Jacks et al. (2011) analyzed commodity prices from around the world, in
categories of poor and rich countries. The timeline of the data analyzed is from 1700 to
2000 and employed a GARCH model. They discover a slight trend since 1700, also
finding that the commodity prices are more volatile than the manufacturer’s ones.
Brooks and Prokopczuk (2013) studied the stochastic behavior of the prices and
volatilities of a sample of the six most important commodity markets. The data they
used was from the U.S. The commodities include crude oil, gasoline, gold, silver,
soybeans, and wheat (these last two are from agricultural commodities markets). They
used a Markov chain Monte Carlo estimation approach based on Bayesian methods,
finding that the commodities can be a useful diversifier of equity volatility as well as
equity returns. Cavalcanti et al. (2015) investigated the impacts of the growth and
volatility of commodity prices. Their variables were GDP, determinants of growth and
the Commodity Terms of Trade (also known as CToT Index) based on 32 primary
commodities. The period spanned from 1970 to 2007 for a list of 118 countries. The
methodology used was the GMM approach and the dynamic common correlated effects
pooled mean group. Their findings showed that commodity price volatility has a
negative impact on economic growth, but it has no impact on productivity. Joets et al.
(2017) investigated the impact of macroeconomic uncertainty on commodity price
volatility. The data they considered were the 19 principal commodity markets: energy,
precious metals, agriculture, and industry. The time period started in 1976 and ended
in April 2015 with monthly data. The structural Threshold Vector Autoregressive (TVAR)
model was employed, and evidence was found to suggest that uncertainty episodes are
not necessarily accompanied by high volatility in commodity prices.

Bakas and Triantafyllou (2020) demonstrated for the first time that pandemic
uncertainty shocks have a notable and adverse impact on commodity volatility.
Employing VAR models, the study analyzed excess returns of S&P GSCI broad and sub-
indexes of gold and crude oil, covering the time frame between January 1996 and
March 2020. The study found that higher uncertainty about a pandemic is transferred to
economic agents rather than to uncertainty about aggregate demand and supply
conditions. In other words, the pandemic uncertainty shocks reduce commodity price
volatility via the disruption in global demand during pandemic times.

On the other hand, other authors have investigated commodity prices but
focusing on price jumps, and asymmetry, and obtaining evidence that is unrelated to

volatility. Thus, for example, Chevallier and Ielpo (2014) discovered that commodity
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market jumps are more common than in other market classes, while there is a high
discrepancy within the commodity markets concerning the number, size and sign of the
jumps. Prokopczuk et al. (2016) present evidence of jumps in four energy markets and
show that modeling jumps do not provide any significant improvement for volatility
forecasting. Other authors looking at similar issues include Diewald et al. (2015),
Lombardi and Ravazzolo (2016), Ohashi and Okimoto (2016), and Nguyen and
Prokopczuk (2019).

Other authors have focused on commodity prices exhibiting asymmetric
adjustments, such as Cashin et al. (2002), who were the first that analyzed these
asymmetry adjustments. Ghoshray (2019) found that commodity prices are stationary,
also obtaining evidence of asymmetry in the behavior of commodity prices. In addition,
this author suggests that in future studies, commodity prices should be modeled on an
individual basis rather than an aggregate level.

Commodity prices are strongly heteroskedastic (see, e.g., Duffie et al. 1999) and
are extremely volatile. However, there has not been much research done on commodity
price volatility. Studying commodity prices without considering volatility is a limitation
that we have endeavored to resolve in this work. For this purpose, we propose a
flexible time series approach that allows for fractional degrees of differentiation in the
commodity absolute and squared price returns.

This second part of the review focuses on cointegration relationships among
commodity prices. After delving into the literature, we have not come across studies
that address fractional cointegration among these commodity markets for this specific
and novel sample. The only studies we have been able to find, among others, are those
that solely analyze cointegration without delving into the flexibility offered by fractional
cointegration.

Hagen (1989) employed cointegration to analyze primary commodities through
their relative prices in a time series dataset spanning from 1900 to 1986 and
discovered cointegration among them. Karbuz and Jumah (1995) examined long-run
cointegration relationships among different commodity exchanges (cocoa and coffee
prices). They generally found that these commodities tend to move in tandem over the
long term and are efficiently arbitrated in the international market. Ciaian (2011)
focused solely on commodity prices related to energy, bioenergy, and food prices. They
conducted a time series analysis for a sample period from 1994 to 2008 and concluded
that crude oil and agricultural commodity prices are interdependent. Nazlioglu and
Soytas (2012) explored the relationships between world oil prices and other agricultural
commodity prices using panel cointegration and Granger causality techniques on a
monthly dataset spanning from 1980 to 2020. They uncovered compelling evidence of
the impact of world oil prices.
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Casoli and Lucchetti (2022) introduced a cointegration approach based on
permanent and transitory decomposition. As an application of this technique, they
analyzed a set of commodity prices to assess the co-movement among various
markets. Their findings suggested that commodity prices indeed move together.

3. DATA

The data were obtained from the World Bank Commodity Price Data for ten
variables, composed of both energy and non-energy commodities. The variables are
prices of the different commodity markets. The variables and their unit of measure in
brackets () are as follows: The crude oil on average ($/bbl), crude oil of Brent ($/bbl),
crude oil of Dubai ($/bbl), natural gas of US ($/mmbtu), natural gas of EU ($/mmbtu),
aluminium ($/mt), Iron ore cfr spot ($/dmtu), copper ($/mt), gold ($/troy oz) and
silver ($/troy oz).

The timeline of the data starts in January 1960 and ends in September 2022 for
all the variables, and the frequency of the data is monthly. Therefore, we have a total
of 753 observations. In Table 1, we describe in detail our data composition.

Table 1

Data composition

Energy Non-Energy commodities
Precious metals Metals and minerals
Natural gas EU Gold Aluminium
Natural gas US Silver Copper
Oil AV Iron
Oil Brent
Oil Dubai

The commodity price series are displayed in Figure 1. It can be observed that the
series exhibit some deviations and are clearly nonstationary. To conduct the integration
analysis, we used the logarithm to mathematically comprise the series. Figure 2 shows
in a single graph, the returns of the price series, which is the growth rate of the
commodity prices. As can be seen in the graph, they are all apparently stationary. Note
that for the proxies of volatility, we use the absolute value and squared values of the
growth rate (for more detail about their creation, see the Methodology section).
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Figure 1. Commodity prices graph (raw series)
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4. METHODOLOGY
Fractional Integration

Fractional integration is the (time series) technique employed in this paper. It
means that fractional differentiation might be required in a series to render it stationary
I(0). A process is said to be integrated of order 0 or I(0) if it is covariance stationary
and the infinite sum of its autocovariances is finite. Within this category we include the
stationary and invertible AutoRegressive Moving Average class of models. If d
differences are required, the series is then said to be integrated of order d, or I(d),
expressed in mathematical notation as

(1_B)dxt=ut ,t=0,i1,..., (1)

where B refers to the backshift(also known as the lag, L) operator (B"x; = L"x;
=X.n) and u; is I(0). If d > 0, X displays the property of long memory since the infinite
sum of the autocovariances is infinite, and the spectral density function (i.e., the
Fourier transform of the autocovariances) is unbounded at the zero frequency. Using a
binomial expansion, the polynomial in B in (1) can be expressed as

o~ G-
=B = 2 rgerea”

where (x) is the Gamma function, or alternatively as
dd—-1
(1—3)‘1—ZQ>( 1))B/=1-dB +———= ( 5 )

and thus, x; can be expressed in terms of all its history.

In the empirical application carried out in the following section, we estimate the
differencing parameter by using the Whittle function expressed in the frequency
domain. For this purpose, we use a simple version of a testing procedure developed in
Robinson (1994) and widely used in empirical applications in many different fields.?

2 See Gil-Alana and Robinson (1997) (economics); Abbriti et al. (206, 2013) (finance); Perez de Gracia et al.
(2014) (tourism), Barani et al. (2021) (sysmography), Li et al. (2021) (hydrology), etc.
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Fractional Cointegration

Cointegration methods have been popular tools in time series work since their
introduction around 35 years ago. Engle and Granger (1987) were the first to formalize
the idea of integrated variables sharing an equilibrium relationship, which turned out to
be either stationary or have a lower degree of integration than the original series in the
single-equation model. They termed this relationship property cointegration, signifying
co-movements among trending variables that could be exploited to test for the
existence of equilibrium relationships within a fully dynamic specification framework.

The multivariate generalization of Engle and Granger (1987) is a procedure
developed by Johansen (1988, 1991, 1995) and Johansen and Juselius (1990) within
the framework of the vector autoregressive model (VAR). However, the VAR has less
flexibility than the FCVAR because the memory parameter, d, in the fractional cases
could be a non-integer, which helps explore the possible relationships between the
variables.

The fractionally cointegrated vector autoregressive (FCVAR), by Johansen (2008)
and Johansen and Nielsen (2010, 2012, 2014) is given in error correction form as
follows:

k
A%X, = aff'APL X, + Z LAY LLX, + &, 2)

=1
where

e &~i.i.d(0,2), and Q2 is the covariance matrix,

e dis the memory parameter,

e b is the degree of cointegration,

e A% s the fractional difference operator,

e L, =1-A"is the fractional lag operator,

e «a and B are the long-run parameters, as in Johansen (1995), p xr matrices with
0 < r < p, where r is the cointegration rank or co-fractional rank, and p is the
number of variables (dimension). Columns in g constitute the r cointegration
vectors such that g'X, of order d — b are the long-run equilibrium relations.

The parameters in a are the adjustment coefficients, which represent the speed
of adjustment towards equilibrium.

e [;: short-run dynamics of the variables.

Two restrictions are used in their asymptotic analysis. Johansen and Nielsen
(2010, 2012, 2014) employ two restrictions, namely d >b and d — b < % The inclusion of

deterministic terms in the above FCVAR model (2) by Johansen and Nielsen (2012,
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2014) is to implement the level parameter (denoted by the authors as ) in the model.
It is defined that p” = B’u, however, there is no unrestricted constant. This new model is
as follows:

k
MK~ ) = af DL (X — )+ ) T L (G ) e (3)

=1

The model given in (3) is the most used in empirical analysis, with a level
parameter included that impose d = b).0Once the FCVAR is estimated, the cointegration
test is conducted, which follows the same sequence as the VAR.

5. RESULTS AND DISCUSSION
We estimate the following regression model:

ye =a+pt+x, (1-B)%% =u, t=1.2,.. (4)
where u; is I(0) or a short-memory process.

Table 2 displays the estimates of the differencing parameter d along with the
95% confidence bands for the differencing parameter for three different specifications,
namely i) with no deterministic terms, i.e., imposing a = B = 0 in (4); ii) with a
constant, i.e., B = 0 in (4); and iii) with a constant and a linear time trend. The
coefficients marked in bold are those from the model selected in each case based on
the statistical significance of the regressors. It is assumed that the error term uiin (4) is
autocorrelated. However, instead of imposing a standard ARMA model specification we
follow the exponential spectral approach of Bloomfield (1973), which is very suitable in
the context of long memory models as is the one used in this paper. These processes
were first suggested by Granger (1980, 1981), Granger and Joyeux (1980), and
Hosking (1981), and were justified by using aggregation of heterogeneous processes in
Robinson (1978) and Granger (1980). However, the suspicions around long memory
started many years ago with a pattern in the peaks of the spectrum, as identified in
Granger (1966).
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Estimates of d for the logged price series

Series No terms An intercept An intercept and a linear
time trend
Aluminium 0.99 (0.94, 1.05) 1.17 (1.10, 1.23) 1.17 (1.10, 1.23)
Copper 1.00 (0.95, 1.06) 1.24 (1.16, 1.33) 1.24 (1.16, 1.33)
Gold 1.00 (0.95, 1.06) 1.17 (1.11, 1.24) 1.17 (1.11, 1.24)
Iron 1.00 (0.94, 1.06) 1.10 (1.04, 1.18) 1.10 (1.04, 1.18)
Natural gas EU 1.12 (1.06, 1.19) 1.14 (1.08, 1.20) 1.14 (1.08, 1.20)
Natural gas US 0.97 (0.91, 1.04) 0.97 (0.91, 1.03) 0.97 (0.91, 1.03)
Oil AV 1.12 (1.06, 1.18) 1.14 (1.07, 1.21) 1.14 (1.07, 1.21)
Oil Brent 1.11 (1.05, 0.99) 1.12 (1.06, 1.20) 1.12 (1.06, 1.20)
OilDubai 0.91 (0.85, 1.23) 0.91 (0.85, 0.99)* 0.91 (0.85, 0.99)
Silver 1.05 (1.08, 1.04) 1.15 (1.08, 1.23) 1.15 (1.08, 1.23)

In red and with an asterisk, evidence of mean reversion (d < 1) and in bold is
the significant model chosen.

The initial set of results indicates that only the price of Dubai crude exhibits a
“mean reversion” phenomenon among the ten variables studied. “Mean reversion”
refers to a situation where a variable tends to return to its historical average over time,
but in commodity markets, this is unexpected due to their short-term volatility.
However, the case of Dubai is exceptional; perhaps due to the variety of factors that
affect the supply and demand of crude oil in that market. For this reason, it is more
likely that its price will approach its historical average. Notice that the d estimation of
Natural gas in the US is 0.97, however, the upper limit of its confidence interval is
greater than 1. This inhibits it from being a mean reverting process. For this reason,
only the estimated d for the log prices in Dubai is mean reverting in Table 2. It must
fulfill the condition that the estimated d is strictly below 1, including the upper value of
its confidence interval.

Next, we look at the volatility by looking at the absolute and squared returns,
obtained as the first differences in the log prices. With P.being the price of the series of
commodity markets, the first differences are obtained as logp, —logp;_, = Alogp; =
PPt The simple return is then 2Pt Tables 3 and 4 display the same structure as

Pt-1 Dt-1

Table 1 but for the absolute and squared returns respectively. Notice that the absolute

Pt—Pt-1

return is R, =

3 2
and the squared return is R? = [%] .The absolute and squared
t—-1

t—-1
returns are used as proxies of the volatility due to their capacity to capture changes in
prices.
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Starting with the absolute returns, in Table 3, we observe that all values exhibit
mean reversion, as indicated by their d estimates and corresponding confidence
intervals (CIs), which are all less than 1. Nevertheless, only the estimated values of d
for the significant models, denoted in bold, are chosen econometrically. The significant
model for most of the variables includes an intercept and a linear trend, except for
Copper, Gold, and Silver, for which the model includes only an intercept. The economic
interpretation is that since all values exhibit mean reversion, which is normal as
volatility cannot exist infinitely, they are only periods of time caused by crises or global
catastrophes. Therefore, if there is an economic shock capable of affecting commodity
prices, volatility will tend to revert to the mean. There will nhot be many changes in
volatility, and it will eventually disappear.

e When the value of d is close to 0, d ~ 0, meaning a small d, it will revert to the
mean faster. In this case, among the significant models, those in which volatility will
revert more quickly to zero are, Natural Gas EU, Natural Gas US, and Oil Dubai (0.15,
0.16 and 0.12, respectively).

e When the value of d is far from 0, meaning a slightly larger d, it will take a
little longer to revert to the mean. In this case, it would be the case of all the other
variables not previously mentioned (with the estimated d values are 0.27, 0.25, 0.23,
0.19, 0.20, 0.19 and 0.27, respectively).

But all of them do revert to the mean, whether fast or slow, they revert to the
mean, to zero. Therefore, an economic shock will make volatility tend to disappear over
time.

Continuing with the squared returns, in Table 4, similarly to the absolute returns
case, there is evidence of mean reversion for all series in the squared returns as well.
The significant models chosen for this analysis vary depending on the specific variable
being considered. In the case of Oil Dubai and Silver, the chosen model is with no
terms while for Oil Brent, Oil Average, Gold, Copper, and Aluminium, the chosen model
is the one with only an intercept term. For Iron, Natural Gas EU, and Natural Gas US,
the chosen model includes an intercept and a linear time trend.

It can be observed that Oil Dubai, Oil AV, Oil Brent, Natural Gas US, Iron, and
Gold revert much faster to the mean than the other series. Their estimated memory
parameters (d values) are 0.10, 0.05, 0.05, 0.09, 0.17, and 0.17, respectively. All
squared return values revert to the mean, which means that if there is an economic
shock, volatility will revert to the mean, and thus it would not affect the series, as it
tends to disappear over time.
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Table 3

Estimates of d for the absolute return series

Series No terms An intercept An intercept and a linear
time trend
Aluminium 0.26 (0.22, 0.31) 0.28 (0.24, 0.32) 0.27 (0.22, 0.31)
Copper 0.26 (0.21, 0.31) 0.25 (0.20, 0.30) 0.25 (0.20, 0.30)
Gold 0.23 (0.19, 0.27) 0.23 (0.20, 0.27) 0.24 (0.20, 0.28)
Iron 0.22 (0.18, 0.27) 0.23 (0.19, 0.28) 0.19 (0.14, 0.25)
Natural Gas EU 0.18 (0.15, 0.22) 0.19 (0.15, 0.23) 0.15 (0.11, 0.19)
Natural Gas US 0.21 (0.17, 0.25) 0.23 (0.19, 0.27) 0.16 (0.11, 0.21)
Oil AV 0.21 (0.17, 0.27) 0.23 (0.19, 0.28) 0.20 (0.15, 0.26)
Oil Brent 0.21 (0.16, 0.26) 0.22 (0.18, 0.27) 0.19 (0.14, 0.25)
OilDubai 0.12 (0.08, 0.17) 0.13 (0.08, 0.18) 0.12 (0.07, 0.17)
Silver 0.26 (0.11, 0.31) 0.27 (0.23, 0.31) 0.26 (0.23, 0.31)

There is evidence of mean reversion (d < 1) in all the results, but the significant
model chosen is highlighted in bold.

Table 4

Estimates of d for the squared return series

Series No terms An intercept An intercept and a linear
time trend
Aluminium 0.24 (0.19, 0.29) 0.24 (0.20, 0.30) 0.24 (0.20, 0.30)
Copper 0.24 (0.19, 0.30) 0.24 (0.18, 0.30) 0.24 (0.18, 0.30)
Gold 0.17 (0.13, 0.21) 0.17 (0.13, 0.21) 0.17 (0.12, 0.21)
Iron 0.18 (0.12, 0.24) 0.18 (0.13, 0.25) 0.17 (0.11, 0.24)
Natural Gas EU 0.10 (0.06, 0.15) 0.10 (0.06, 0.15) 0.09 (0.05, 0.14)
Natural Gas US 0.21 (0.16, 0.28) 0.22 (0.16, 0.29) 0.19 (0.13, 0.27)
Oil AV 0.05 (0.00, 0.11) 0.05 (0.00, 0.11) 0.05 (0.00, 0.11)
Oil Brent 0.05 (0.00, 0.10) 0.05 (0.00, 0.10) 0.04 (0.00, 0.10)
OilDubai 0.10 (0.06, 0.15) 0.10 (0.06, 0.15) 0.10 (0.05, 0.15)
Silver 0.25 (0.21, 0.30) 0.25 (0.21, 0.30) 0.25 (0.21, 0.30)

There is evidence of mean reversion (d < 1) in all the results, but the significant
model chosen is highlighted in bold.

Before conducting the empirical test on fractional cointegration, it is important to
analyze the memory parameter as we did previously. If all the variables are non-
stationary, as is the case with the commodity prices (Table 2), it will be possible to use
the FCVAR approach. By using the AIC information criterion, the lag, k=2, seems to be
suitable for the estimation of a FCVAR with two lags in the model and to test for
cointegration relationships among the variables. As we can see in the results provided
in Table 5, there are four fractional cointegration relationships among the 10
commodity prices.
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Table 5

Likelihood Ratio Tests for Fractional Cointegration

Rank d b Log-likelihood LR statistic P-value
0 0.605 0.605 -21046.551 399.099 0.000
1 0.529 0.529 -20950.114 206.224 0.000
2 0.560 0.560 -20921.715 149.425 0.000
3 0.604 0.604 -20898.455 102.906 0.002
4 0.639 0.639 -20880.500 66.997 0.068
5 0.629 0.629 -20867.156 40.309 0.275
6 0.513 0.513 -20857.006 20.009 0.492
7 0.499 0.499 -20851.461 8.918 0.445
8 0.518 0.518 -20848.184 2.364 0.893
9 0.504 0.504 -20847.084 0.164 0.685
10 0.519 0.519 -20847.002 -—-- -—--

There is evidence that we cannot reject the null hypothesis of the existence of
four cointegrating relationships at a significance level of 5%.

6. CONCLUSIONS

This paper was motivated by the study of volatility and long-run relationships
among the worldwide commodity markets. We explored monthly data from January
1960 to September 2022 on ten important commodity prices. First, we conducted an
analysis of the raw log prices of these commodities to check their level of integration,
finding only one variable that reverts to the mean (crude Dubai oil). Indeed, we find
that only the Dubai oil price reverts to the mean. This suggests that Dubai is a wealthy
and stable economy with a long reserve of oil, making its production less vulnerable to
fluctuations in the global market and less sensitive to economic crises and price
volatility, which accurately reflects the reality of the situation. Second, in response to
the objective of this paper, which investigates the progression of volatility over time in
commodity markets, we can conclude that both proxies of volatility used for our sample
are reverting to the mean significantly. Some variables revert to the mean quickly
(when d is near to zero), while others do not (where d is far from zero). However, in
both proxies, the reversion to the mean signifies that volatility cannot persist forever
and is only present during periods of crises or worldwide disasters. Over time, the
volatility will disappear and revert to zero. This indicates that a crisis is not permanent,
as they come and go depending on the circumstances. Therefore, the volatility results
accurately reflect reality.
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Regarding long-term relationships, our findings reveal the presence of four
cointegrating relationships among the ten commodity prices. This suggests that these
commodities are not entirely independent entities; rather, they appear to be
interconnected, sharing underlying relationships that contribute to their price
fluctuations over time. This significant insight enhances our understanding of the
intricate interplays within the commodity market.

Finally, our findings suggest that volatile series tend to dissipate and revert to
their mean levels, as discussed previously, even in the absence of effective policy
measures. This finding is consistent with the principle of mean reversion, which holds
that price levels tend to return to their long-run average values over time. Hence, while
policy interventions may help to mitigate volatility in the short term, over the long
term, natural market forces tend to bring prices back to their equilibrium levels.

This prompts us to reflect on what effective policies could be implemented to
mitigate volatility. What measures should certain countries implement to prevent
volatility from increasing gradually? It is crucial to have strong and sustainable
macroeconomic policies to mitigate volatility in commodity prices. The following key
ingredients could be needed:

(i) Strong fiscal frameworks that encourage counter-cyclical fiscal policy,
meaning saving during good times to spend during bad times.

(i) Exchange rate flexibility linked to a monetary policy with low inflation
objectives.

(iii) A regulatory system for the financial sector that prevents the accumulation
of excessive risks, particularly related to capital inflows and foreign currency debt.

In other words, having a plan for managing money during both good and bad
times, controlling inflation, regulating financial systems, and using tools to manage risk
can help to mitigate volatility in the short term against unpredictable changes in
commodity prices. It is worth considering that crises such as the Russian-Ukrainian war
and the COVID-19 pandemic could have been better mitigated with effective policies
from the beginning, thus avoiding the high inflation rates currently being experienced
worldwide. Although volatility tends to revert to the mean, it does not happen in the
short term, leading to the first-hand experience of high inflation caused by these global
catastrophes. These facts reflect the observed patterns in the 1960s and 1970s,
thereby highlighting the crucial significance of strategic planning and implementing
policies to effectively mitigate the adverse effects of such crises.

47



International Journal of Business and Economics
Vol. 8, No. 2, 2023, pp. 32-51
https://ielas.org/ijbe/index.php/ijbe
ISSN (online) 2545-4137

References

Abbritti, M., L.A. Gil-Alana, Y. Lovcha and A. Moreno (2016). Term structure
persistence, Journal of Financial Econometrics 14, 2, 331-352.
https://doi.org/10.1093/jijfinec/nbv003

Abbritti, M., Carcel, H., Gil-Alana, L.A. & Moreno, A. (2023). Term premium in a
fractionally cointegrated yield curve. Journal of Banking and Finance, Volume 149,
106777. https://doi.org/10.1016/j.jbankfin.2023.106777

Bakas, D., & Triantafyllou, A.G. (2020). Commodity price volatility and the economic
uncertainty of pandemics. Economics Letters, 193, issue C, number
S0165176520301890. https://doi.org/10.1016/j.econlet.2020.109283

Barani, S., Cristofaro, L., Gil-Alana, L.A., Taroni, M. and Ferretti, G. (2021). Long
memory in earthquakes time series. Evidence from induced sysmology, Frontiers in
Earth Science. Solid Earth Geophysics 9. https://doi.org/10.3389/feart.2021.563649

Beck, S. (2001). Autoregressive conditional heteroscedasticity in commodity spot
prices. Journal of Applied Econometrics, 16(2), 115-132.
https://doi.org/10.1002/jae.591

Baffes, J. & Nagle, P. (Eds.). (2022). Commodity Markets: Evolution, Challenges, and
Policies. World Bank Publications.

BOOK: Commodity Markets: Evolution, Challenges, and Policies

Bloomfield, P. (1973). An exponential model in the spectrum of a scalar time series,
Biometrika 60, 2, 217-226. https://doi.org/10.1093/biomet/60.2.217

Brooks, C., & Prokopczuk, M. (2013). The dynamics of commodity prices. Quantitative
Finance, 13(4), 527-542. https://doi.org/10.1080/14697688.2013.769689

Cashin, P., McDermott, C. J., & Scott, A. (2002). Booms and slumps in world
commodity prices. Journal of Development Economics, 69(1), 277-296.
https://doi.org/10.1016/S0304-3878(02)00062-7

Casoli, C., & Lucchetti, R. (2022). Permanent-Transitory decomposition of cointegrated
time series via dynamic factor models, with an application to commodity prices, The
Econometrics Journal, Volume 25, Issue 2. Pages 494-514.
https://doi.org/10.1093/ectj/utab034

Cavalcanti, T., Mohaddes, K., & Raissi, M. (2015). Commodity price volatility and the
sources of growth. Journal of Applied Econometrics, 30 (6), 857-873.
https://doi.org/10.1002/jae.2407

Chevallier, J., & lelpo, F. (2014). Twenty years of jumps in commodity markets.
International Review of Applied Economics, 28(1), 64-82.
https://doi.org/10.1080/02692171.2013.826637

Ciaian, P. (2011). Interdependencies in the energy-bioenergy-food price systems: A
cointegration analysis. Resource and energy Economics, 33(1), 326-348.
https://doi.org/10.1016/j.reseneeco.2010.07.004

48


https://doi.org/10.1093/jjfinec/nbv003
https://doi.org/10.1016/j.jbankfin.2023.106777
https://doi.org/10.1016/j.econlet.2020.109283
https://doi.org/10.3389/feart.2021.563649
https://doi.org/10.1002/jae.591
https://doi.org/10.1093/biomet/60.2.217
https://doi.org/10.1080/14697688.2013.769689
https://doi.org/10.1016/S0304-3878(02)00062-7
https://doi.org/10.1093/ectj/utab034
https://doi.org/10.1002/jae.2407
https://doi.org/10.1080/02692171.2013.826637
https://doi.org/10.1016/j.reseneeco.2010.07.004

International Journal of Business and Economics
Vol. 8, No. 2, 2023, pp. 32-51

https://ielas.org/ijbe/index.php/ijbe
ISSN (online) 2545-4137

Dickey, D.A. & Fuller, W.A. (1979). Distribution of the Estimators for Autoregressive
Time Series With a Unit Root, Journal of the American Statistical Association 74,
366, 427-431. https://doi.org/10.1080/01621459.1979.10482531

Diewald, L., Prokopczuk, M., & Wese Simen, C. (2015). Time-variations in commodity
price jumps. Journal of Empirical Finance, 31, 72-84.
https://doi.org/10.1016/j.jempfin.2015.02.004

Duffie, D., Gray, S., & Hoang, P. (1999). Volatility in energy prices. United Kingdom:
Risk Books.

BOOK: INIS Repository Search - Single Result (iaea.org)

Engle, Robert F. and Granger, C.W.]. Cointegration and error correction:
representation, estimations and testing. Econometrica. Vol.55, No.2. 1987. pp. 251-
276. https://doi.org/10.2307/1913236

Geman, H. (2007). Mean reversion versus random walk in oil and natural gas prices. In
M.C. Fu, R.A. Jarrow, J. Y. J. Yen, & R. J. Elliott (Eds.). Advances in Mathematical
Finance (pp. 169-180). Applied and Numerical Harmonic Analysis. Birkhauser
Boston.

BOOK: Mean Reversion Versus Random Walk in Oil and Natural Gas Prices. SpringerLink

Ghoshray, A. (2019). Do international primary commodity prices exhibit asymmetric
adjustment?. Journal of Commodity Markets, 14, 40-50.
https://doi.org/10.1016/j.jcomm.2018.08.002

Gil-Alana, L.A., and Robinson, P.M. (1997). Testing of unit roots and other
nonstationary hypotheses in macroeconomic time series. Journal of Econometrics,
80, 241-268. https://doi.org/10.1016/50304-4076(97)00038-9

Granger, C.W.J., (1966). The Typical Spectral Shape of an Economic Variable.
Econometrica 34(1), 150-161. https://doi.org/10.2307/1909859

Granger, C.W.]., (1980). Long memory relationships and the aggregation of dynamic
models. Journal of Econometrics 14, 227-38.
https://doi.org/10.1016/0304-4076(80)90092-5

Granger, C.W.]., (1981). Some properties of time series data and their use in
econometric model specification. Journal of Econometrics 16, 121-30.
https://doi.org/10.1016/0304-4076(81)90079-8

Granger, C.W.J]., and Joyeux, R. (1980). An Introduction to Long-Memory Time Series
Models and Fractional Differencing. Journal of Time Series Analysis, 1, 15-39.
https://doi.org/10.1111/j.1467-9892.1980.th00297.x

Granger, C.W.]. & Ding, Z. (1995). Some Properties of Absolute Return: An Alternative
Measure of Risk, Annales d'Economie et de Statistique 40, 67-91.
https://doi.org/10.2307/20076016

Hagen, J.V. (1989). Relative commodity prices and cointegration. Journal of Business &
Economic Statistics, 7(4), 497-503.
https://doi.org/10.1080/07350015.1989.10509763

Hosking, J.R.M. (1981). Fractional differencing. Biometrika, 68, 165-76.
https://doi.org/10.2307/2335817

49


https://doi.org/10.1080/01621459.1979.10482531
https://doi.org/10.1016/j.jempfin.2015.02.004
https://doi.org/10.2307/1913236
https://link.springer.com/chapter/10.1007/978-0-8176-4545-8_12
https://doi.org/10.1016/j.jcomm.2018.08.002
https://doi.org/10.1016/S0304-4076(97)00038-9
https://doi.org/10.2307/1909859
https://doi.org/10.1016/0304-4076(80)90092-5
https://doi.org/10.1016/0304-4076(81)90079-8
https://doi.org/10.1111/j.1467-9892.1980.tb00297.x
https://doi.org/10.2307/20076016
https://doi.org/10.1080/07350015.1989.10509763
https://doi.org/10.2307/2335817

International Journal of Business and Economics
Vol. 8, No. 2, 2023, pp. 32-51

https://ielas.org/ijbe/index.php/ijbe
ISSN (online) 2545-4137

Jacks, D.S., O'Rourke, K.H., & Williamson, J.G. (2011). Commodity price volatility and
world market integration since 1700. Review of Economics and Statistics, 93(3),
800-813. https://doi.org/10.1162/REST a 00091

Joéts, M., Mignon, V., & Razafindrabe, T. (2017). Does the volatility of commodity
prices reflect macroeconomic uncertainty? Energy Economics, 68, 313-326.
https://doi.org/10.1016/j.eneco0.2017.09.017

Johansen, S. (1988). Statistical Analysis of Cointegration Vectors. Journal of Economic
Dynamics and Control, Vol. 12, No. 2-3, pp. 231-254. 18.
https://doi.org/10.1016/0165-1889(88)90041-3

Johansen, S., and Juselius, K. (1990). Maximum Likelihood Estimation and Inference on
Cointegration-with Applications to the Demand for Money. Oxford Bulletin of
Economics and Statistics, Vol. 52, No. 2, pp. 169-210.
https://doi.org/10.1111/j.1468-0084.1990.mp52002003.x

Johansen, S. (1991). Estimation and Hypothesis Testing of Cointegration Vectors in
Gaussian Vector Autoregressive Models. Econometrica, Vol. 59, No. 6, pp. 1551-
1580. https://doi.org/10.2307/2938278

Johansen, S. (1995). Likelihood-Based Inference in Cointegrated Vector Autoregressive
Models. New York: Oxford University Press.
https://doi.org/10.1093/0198774508.001.0001

Johansen, S. (2008). A representation theory for a class of vector autoregressive
models for fractional processes. Econometric Theory, 24, 651-676.
https://doi.org/10.1017/S0266466608080274

Johansen, S., & Nielsen, M.O. (2010). Likelihood inference for a nonstationary fractional
autoregressive model. Journal of Econometrics, 158, 51-66.
https://doi.org/10.1016/j.jeconom.2010.03.006

Johansen, S., & Nielsen, M.O. (2012). Likelihood inference for a fractionally
cointegrated vector autoregressive model. Econometrica, 80, 2667-2732.
https://doi.org/10.3982/ECTA9299

Johansen, S., & Nielsen, M.O. (2014). The role of initial values in nonstationary
fractional time series models (QED Working Paper No. 1300). Kingston, Ontario,
Canada: Queen’s. University.
https://www.econ.ku.dk/english/research/publications/wp/dp 2012/1218.pdf/

Karbuz, S., & Jumah, A. (1995). Cointegration and commodity arbitrage. Agribusiness,
11(3), 235-243. https://doi.org/10.1002/1520-6297(199505/06)11:3<235::AID-
AGR2720110305>3.0.CO;2-P

Lombardi, M.]., & Ravazzolo, F. (2016). On the correlation between commodity and
equity returns: Implications for portfolio allocation. Journal of Commodity Markets,
2(1), 45-57. https://doi.org/10.1016/j.jcomm.2016.07.005

Nazlioglu, S., & Soytas, U. (2012). Oil price, agricultural commodity prices, and the
dollar: A panel cointegration and causality analysis. Energy Economics, 34(4), 1098-
1104. https://doi.org/10.1016/j.eneco0.2011.09.008

50


https://doi.org/10.1162/REST_a_00091
https://doi.org/10.1016/j.eneco.2017.09.017
https://doi.org/10.1016/0165-1889(88)90041-3
https://doi.org/10.1111/j.1468-0084.1990.mp52002003.x
https://doi.org/10.2307/2938278
https://doi.org/10.1093/0198774508.001.0001
https://doi.org/10.1017/S0266466608080274
https://doi.org/10.1016/j.jeconom.2010.03.006
https://doi.org/10.3982/ECTA9299
https://www.econ.ku.dk/english/research/publications/wp/dp_2012/1218.pdf/
https://doi.org/10.1002/1520-6297(199505/06)11:3%3c235::AID-AGR2720110305%3e3.0.CO;2-P
https://doi.org/10.1002/1520-6297(199505/06)11:3%3c235::AID-AGR2720110305%3e3.0.CO;2-P
https://doi.org/10.1016/j.jcomm.2016.07.005
https://doi.org/10.1016/j.eneco.2011.09.008

International Journal of Business and Economics
Vol. 8, No. 2, 2023, pp. 32-51

https://ielas.org/ijbe/index.php/ijbe
ISSN (online) 2545-4137

Nguyen, D.B.B., & Prokopczuk, M. (2019). Jumps in commodity markets. Journal of
Commodity Markets, 13, 55-70. https://doi.org/10.1016/j.jcomm.2018.10.002
Ohashi, K., & Okimoto, T. (2016). Increasing trends in the excess comovement of
commodity prices. Journal of Commodity Markets, 1(1), 48-64.
https://doi.org/10.1016/j.jcomm.2016.02.001

Perez de Gracia, F., L.A. Gil-Alana and R. Mudida (2014). Persistence, long memory and
seasonality in Kenyan tourism time series, Annals of Tourism Research 45, 89-101.
https://doi.org/10.1016/j.annals.2014.02.008

Phillips, P.C.B., Perron, P. (1988). Testing for a Unit Root in Time Series
Regression. Biometrika. 75 (2): 335-346.
https://doi.org/10.1093/biomet/75.2.335

Pindyck, R. (2001). The dynamics of commodity spot and futures markets: A
primer. Energy Journal, 22(3):1-29, 2001. https://doi.org/10.5547/ISSNQO195-
6574-EJ-Vol22-No3-1

Prokopczuk, M., Symeonidis, L., & Wese Simen, C. (2016). Do jumps matter for
volatility forecasting? Evidence from energy markets. Journal of Futures Markets,
36(8), 758-792. https://doi.org/10.1002/fut.21759

Robinson, P. (1978). Statistical inference for a random coefficient autoregressive
model, Scandinavian Journal of Statistics 5, 163-168.
http://eprints.lse.ac.uk/id/eprint/1454

Robinson, P. (1994). Efficient Tests of Nonstationary Hypotheses. Journal of the
American Statistical Association, 89, 1420-1437.
https://doi.org/10.1080/01621459.1994.10476881

Samuelson, P. (1965). Proof that properly anticipated prices fluctuate randomly.
Industrial Management Review, 6(2), 41-49.
https://doi.org/10.1142/9789814566926 0002

51


https://doi.org/10.1016/j.jcomm.2018.10.002
https://doi.org/10.1016/j.jcomm.2016.02.001
https://doi.org/10.1016/j.annals.2014.02.008
http://cowles.yale.edu/sites/default/files/files/pub/d07/d0795-r.pdf
http://cowles.yale.edu/sites/default/files/files/pub/d07/d0795-r.pdf
https://en.wikipedia.org/wiki/Biometrika
https://doi.org/10.1093/biomet/75.2.335
https://doi.org/10.5547/ISSN0195-6574-EJ-Vol22-No3-1
https://doi.org/10.5547/ISSN0195-6574-EJ-Vol22-No3-1
https://doi.org/10.1002/fut.21759
http://eprints.lse.ac.uk/id/eprint/1454
https://doi.org/10.1080/01621459.1994.10476881
https://doi.org/10.1142/9789814566926_0002

