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Abstract: The COVID-19 pandemic has shocked commodities markets in general and base metals
markets in particular. The market turmoil made it very difficult to act in the physical market, given
the impossibility of establishing or maintaining physical and/or financial positions in a context of
high uncertainty. This has happened both in different moments of the development of the pandemic
and in geographically different frames. That is why this contribution tries to explain the evolution
of warehouses and copper price structure and its utility for hedging in the context of an extreme
event. To that end, Granger causality has been used to test whether, during the COVID-19 first wave,
the pandemic evolution is cointegrated on one hand with copper futures price structure and, on the
other, with the incremental levels of copper stocks. Using 102 official copper prices on London Metal
Exchange (LME) trading days, between 13 January 2020 and 5 June 2020 (once the most severe effects
of the first wave had been overcome), it was demonstrated that, during the first COVID-19 wave in
Europe, the weekly death index variation was cointegrated with the copper future price structure. It
has been proven that, in this timelapse, contango in futures price structure has increased its value,
and the incremental levels of stock in copper LME warehouses are linked with a stable contango
structure. In short, we find that fundamental market effects predominate, in a context in which
commodities used to be more financialized. This leads market players, such as traders, miners, and
transformers, to move exposures in their hedging structures, under such extreme event situations, in
favor of or against either contango or backwardation, so as to derive value from them.

Keywords: COVID-19; commodities; structure of copper futures prices; cointegration; contango;
backwardation; extreme event contexts

1. Introduction

The COVID-19 pandemic started as an epidemic, with China being the first country
reporting the disease. It was only 100 days until the declaration of the pandemic. After
that, governments in every country implemented different measures to control the crisis,
with a common structure: social distancing, lockdowns, stay-at-home orders, and travel
restrictions, all of which had economic impacts. The whole world experienced a period in
which the economy was not running efficiently, causing some businesses to collapse.

The recovery after the emergence of the pandemic evolved differently depending
on the country and the sanitary situation, causing a global disruption in the commerce
interchange and affecting the full value-added chain.

Commodities market prices reached their lowest level in decades, such as, for example,
the crude oil and natural gas markets [1]. Other commodities traded in futures exchanges,
such as soft commodities and metals, also reacted sharply to this global crisis, with a vast
shift in prices [2], and the historical refuges of these stock markets also being affected [3].
Copper, in particular, underwent a price decrease of almost 25%, from EUR 6200 at the
beginning of 2020 to EUR 4627 per metric ton only 3 months after, with a lack of interest in
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the buying market and with most of the players trying to liquidate their long-held positions
in official warehouses.

This COVID-19 pandemic has had by far the biggest influence on every market in
recent times when base metals prices on commodities exchanges have been influenced
by macroeconomic and microeconomic events. Each of these base metals shows different
behaviors depending on its supply–demand situation, and how financialized each is.

Microeconomic and macroeconomic events have influenced commodities’ behaviors
in different exchanges. Some of these macroeconomics variables, such as Gross Domestic
Product (GDP), have been used to determine the effects on the 27 commodity futures traded
on the Commodity Research Bureau (CRB) [4], and the effect on the S&P 500 index has
been tested using commodity price indexes [5]. It is also informative to study currency
volatility and the link between currency rates for 17 soft and hard commodities [6]. Crude
oil prices have also been analyzed by some authors, who found a vast range of variables
affecting prices, such as the COVID-19 outbreak, the USD index, and Pacific Investment
Management Company (PIMCO) Investment Grade Corporate bond index [7], and US and
BRICS (Brazil, Russia, India, China and South Africa) equities [8]. Globally, it has been
demonstrated that price cycles are affected by macroeconomic variables [9].

The increase in financialization on the commodity market has been observable for a
while [10,11], with commodities in general and base metals in particular being a refuge
for investors trying to hedge their global exposure. In this regard, 2004 was pinpointed by
some authors [12] as the year in which financialization became more present, ultimately
achieving inflows of up to USD 450 billion seven years later in 2011 [13].

Specifically, we find that copper and aluminum are the two most highly financialized
base metals, following the LME’s (London Metal Exchange) Commitment of Traders Report
(see Figure 1).
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Figure 1. Financialization level per metal, financial institutions holdings on LME. Note: Ni (nickel),
Cu (copper), Al (aluminum), Pb (lead), Sn (tin), Zn (zinc).

The so-called “normal backwardation” theory links the fundamental scarcity level
of a commodity (physical supply and demand) with the appearance of a higher price in
the short term than in the long term. This was first studied by [14], looking generally
at commodities [15] and specifically at certain metals such as zinc [16], and some have
recently assessed financialization factors [17]. Several trends in the data also reflect the
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disappearance of “normal backwardation” in specific periods of study and in different
commodities [18,19].

The theory of normal backwardation is also established through the theory of storage
and is related to the cost of carry (COC) model, as shown in [20], where it was shown that
risk premium could be used to determine a long-term pricing model. This theory of storage
was used to study the levels of stocks in warehouses in different exchanges, which has
always been one of the main factors of the fundamentals-based movements of contango
and backwardation. The literature addressing this theory is broad [21–23], and a model
combining backwardation and storage has even been considered [24]. We can also find
evidence of normal backwardation in oil price curves [24–26].

“Normal backwardation” is a theoretical framework that studies the futures price
structure, whether it be backwardation or contango, wherein the fundamentals are the
main drivers of prices in the short term. Said structure is also linked to several factors,
such as the combination of lack of demand and excess of offer, indicating contango, and an
absence of offer with a surplus of demand, indicating backwardation.

In this paper, the purpose is to follow and to check the link between the increase of
LME warehouses’ stock and a high contango value on copper prices, which is evidence
of the normal backwardation theory, related to an extreme event, such as COVID-19. This
recent crisis has shocked the metals market, causing the whole value-added chain to slow
down in the period immediately after the declaration of the pandemic. This slowing
forced some market participants to increase their efforts to finance their sales to official
warehouses. In the case of commodity sellers, the goods were directly moved to LME
warehouses. Therefore, an increase in the stocks in warehouses was achieved at the same
time as the pause in commerce, and the copper market futures prices developed into
contango structure. Thus, we have analyzed prices and stocks data obtained from LME,
and the number of deaths due to COVID-19 by geographical area, obtained from the
World Health Organization (WHO), building data series to assess stationarity. Stationary
tests have demonstrated stationarity or same level of non-stationarity, performing ADF
(augmented Dickey–Fuller) [27], PP (Phillips Perron) [28], and KPSS (Kwiatkowski Phillips
Schmidt Shin) tests [29]. Subsequently, the cointegration between prices and deaths on the
one hand, and contango structure and level of stocks in warehouses on the other hand, can
be obtained by the Johansen approximation [30] of the Engle and Granger causality theory.

The aim of this work is to clearly show that copper is a market linked to fundamentals,
and is not only a refuge of investors, traders, and speculators—it is, for instance, a finan-
cialized market. The importance of copper to our daily lives makes the influences on offer
and demand extremely important, and the situation during the first waves of COVID-19 in
Europe offers evidence of this.

The contributions of this research include the findings of co-movements between
the COVID-19 index of weekly deaths and the copper futures price structure during
the first wave of contagions in Europe, and of evidence of normal backwardation with
the development of such a futures price structure and the increase in stocks in official
LME warehouses.

More specifically, we have completed an analysis of the development of contango in
crisis situations and not only of the effects on prices (as in [31]), which opposes the findings
of some other authors (such as [32,33], which continued to see financialization throughout
the COVID-19 crisis and other references such as [17] that really focus on the paper of
Financialization against Normal Backwardation).

A better illustration of how COVID-19 has shocked the copper market in particular is
offered by the descriptive change in tendency in the first half of 2020 (during the first wave
of COVID-19 contagions in Europe) (see Figure 2). The figure shows LME copper market
evolution, in reference to its official historical price structure, and it can be seen, too, how
the market had been in a negative (−0.0102) trend, then in a positive one (+0.0362), in both
cases, using a linear regression approach.
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Figure 2. Copper futures structure from January 2018 to June 2020.

An additional illustration of the influence of the situation on stocks in the first half of
2020 is given by Figure 3, representing the average levels of stocks in warehouses.

Figure 3. Average value of stocks in warehouses in different frames.

Copper stocks significantly changed, as volume went from 209,621 MTs, on average,
during 2018–2019, to 291,165 MTs, on average, during the first half of 2020, which represents
a 39% increase.

The remainder of this paper is organized as follows. Section 2 reviews the relevant
literature on cointegration, co-movements, copper, and the COVID-19 crisis. The data
and methodology are reviewed in Section 3. A description of the results and an analytical
review are presented in Section 4. Finally, conclusions and recommendations are discussed
in Section 5.

2. Literature Review

The main aim of this study is to prove the appearance of “normal backwardation”
under the conditions of a critical event, such as the COVID-19 pandemic. For this purpose,
we have assessed the literature on co-movements and the COVID-19 pandemic.
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2.1. Cointegration and Co-Movements: Copper

The influence of different variables on time series fluctuations has been a matter
of global study within several economic environments and, specifically, in commodity
markets, as has been assessed by [34,35] and, more recently, [36–39].

Some commodities’ prices move together, which is referred to as co-movement, such
as in the energy markets [40,41] and oil markets [42], and between different metals [43–46]
and in metal exchanges [47].

Interest in cointegration and causality has also been present in topics such as cryp-
tocurrencies [48] and Brexit [49].

Copper has been chosen for this study for many reasons. First, it is one of the most
financialized base metals priced on the Shanghai Futures Exchange (SHFE), the London
Metal Exchange (LME), and the New York Commodity Exchange (COMEX), which are
commonly used for speculative strategies [50]. Second, it has a large influence at different
economic levels, for example in rich economies, such as Chile’s, and in the development
of many others [51]. Third, it is one of the metals that are taking over the incipient metal
super-cycle, due to the increase in needs and consumption related to the appearance of
electric vehicles [52], the increase in renewable energies, and the use of electric applications
in general. Given all these factors, authors such as [53] have identified a high probability of
a lack of copper in the short term. This battle between the influence of fundamentals and
financialization on copper markets has also been studied by [54]. In addition, cointegration
and co-movements in the copper market have been a matter of study for authors such
as [55], assessing not only copper but also another 43 commodities; [56], assessing efficiency
in the structure of prices; [57], studying the cointegration of copper prices with China’s
activity and stock returns, and finally [58], looking at cointegration in certain time periods
between future prices and cash prices.

2.2. COVID-19 Influence on Markets

COVID-19 has been the biggest macroeconomic influence in recent history, affecting the
global economy, the flow of trade, and human beings in general. Although this is a relatively
recent matter, the numbers of studies and authors that have concentrated their efforts on
investigating and rationalizing each step of this process has been extremely important.
The economic effect of COVID-19 is obvious, as Appendix A shows. Table 1 shows a
compendium of articles showing COVID-19′s influences on the commodities market.

Therefore, the effects of co-movements on commodities in general and on copper in
particular have been studied in depth in the literature. Finding are, in general, there is a
dependence between the behaviors of the prices of these commodities and different factors,
such as microeconomic and macroeconomic events. In this regard, COVID-19 is the recent
event that has most strongly affected the whole structure of exchange markets, shaking the
entire market’s structure in different sectors.

Table 1. Articles concerning COVID-19’s influence on the commodities market.

Doc. Topic/Theme Context Purpose Key Findings

[59]

Co-movements in energy
counterparties’

parameters under
extreme conditions

COVID-19 crisis and
West Texas Intermediate
(WTI) oil future prices

showing negative prices

To study transmissions
and contagion in the

energy sector

Existence of spillovers
and co-movements

among these
energy-focused

corporations

[60]

Connectedness in energy
commodities after

COVID-19 pandemic
beginning

First two months of the
COVID-19 outbreak

To look into the financial
impact on COVID-19,
concentrated on the

energy sector

Dependence among
energy commodities

increases



Mathematics 2022, 10, 559 6 of 23

Table 1. Cont.

Doc. Topic/Theme Context Purpose Key Findings

[1]

Effect of the pandemic on
the connectedness

amongst the
commodities market

US and worldwide
COVID-19 pandemic

effect

To explore the risk
transmission in

commodity and financial
markets during the

COVID-19 pandemic

Volatility connectedness
between commodities
and financial markets

[61] Commodity price returns
during the pandemic

COVID-19 Global Fear
Index (GFI) rising

To examine how GFI is
linked to commodity

price returns

Commodity prices’
linkage with global

COVID-19 fear index

[62] Alternative markets
study

COVID-19 beginning up
to March 2020 and the

safe haven assets

To study the effectiveness
of safe haven markets
under the COVID-19

crisis

The safe havens of gold
and soybean

[63]
Study of some

commodities’ market
volatilities

Price prediction model
changes during the

COVID-19 crisis

To readapt the existing
price prediction models
to the variations caused

by COVID-19

Volatility of commodity
prices

[32] Speculation on
commodities

No speculation increase
caused by other critical

financial effects

To evidence the increase
in the speculation of
commodities (energy,

soft and precious metals)
in the presence of
COVID-19 effects

Different influences on
soft and hard
commodities

[64] Overreactions in
commodities prices

Intraday price changes
(changes of prices

followed by proportional
price reversals)

To identify how 20
different commodities

react to COVID-19 effect
on intraday prices

Commodity price
overreactions in this

period

[65]
Volatility connectedness

among assets peaked
during the outbreak

US ETFs, before
COVID-19 and during
the first wave (up to 29

May 2020)

Changes in the structure
and time-varying

patterns of volatility
connectivity between

stocks and major
commodities (oil, gold,
silver, and natural gas)

Volatility connectedness
peaked during the

COVID-19 pandemic

[66]
The influence of the

COVID-19 pandemic on
commodity prices

International commodity
(metal and agricultural)

prices (2 December
2019–1 October 2020)

To show, in the context of
the COVID-19 pandemic,
the impacts of oil supply

and global demand
shocks on metal and

agricultural commodity
prices

The pandemic represents
a mix of supply, demand,
and uncertainty shocks,

and the result is that
price indices have

significantly declined as
it continues to disrupt

global supply and
demand chains

[67] Comparative commodity
(oil and metals) prices

The COVID-19 outbreak
generated price declines

in precious and
industrial metals,

although drops were
lower than in oil prices

To comprehensively
address the potential

impacts of the COVID-19
outbreak on commodity

markets

Drop in oil market prices
and metal prices,

particularly in copper
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Table 1. Cont.

Doc. Topic/Theme Context Purpose Key Findings

[17]

Since the correlations
between stocks, bonds,
and commodity futures

returns are likely to
change over time, the
weight of commodity

futures in optimal
portfolios could also be

time-varying

Commodity futures have
traditionally shown low
correlations with stocks

and bonds

Normal backwardation
in commodity markets

no longer works

End of normal
backwardation in recent
times and the difficulty

of hedging in the present
scenario

[31]

Trend-following
strategies create

significant abnormal
returns in

futures markets

A paired trading
market–neutral strategy

is used (through machine
learning algorithms),

involving long and short
positions in two different

future contracts with
similar time series

price trends

To show that normal
backwardation and

contango do not
consistently characterize
futures markets, but each
futures market exhibits

unique prevailing
price trends

Algorithm of trading
pairs in futures price

structures and the effect
on hedging strategies

during the
COVID-19 crisis

3. Data and Methodology
3.1. Data

The copper price data were obtained from the London Metal Exchange and have been
used to establish the price structure upon official daily close of the market. The database
includes 102 official LME calendar trading days, stretching between 13 January 2020 (day
44 of the pandemic, following [68], with the first case identified in China) and 5 June 2020
(day 188, when the first wave in Europe was considered under control), as used for a de-
scriptive analysis of the first wave of contagions in Europe as the growth rate moved to zero
(this interval has also been used by some other authors [69]). The COVID-19 data index we
used was composed of the accumulated deaths collected each week in different regions of
the world, according to the data published by the WHO, evaluating the number of cumula-
tive deaths (weekly summarized) per population (10,000 habitants’ ratio) as per the United
Nations World Populations Prospects 2019. These COVID-19 data were segmented by
Date/Country/WHO_region/New_cases/Cumulative_cases/New_deaths/Cumulative
deaths, and the different regions are shown in Table 2 below.

Table 2. Regions as per WHO.

European Region EURO
Eastern Mediterranean Region EMRO

Western Pacific Region WPRO
African Region AFRO

Region of the Americas PAHO
South-East Asia Region SEARO

3.1.1. WHO Weekly Mortality Index

We have used the percentage of increase in cumulative deaths, measured weekly as a
percentage per 100,000 habitants, as cases detected during the first wave were not measured
in the same diametric manner in every country (due to the different capacities to do so)
and weekend data were usually not published on time by every country. The availability
of tests and the differences in how countries report their figures have been amongst the
biggest limitations to our data.
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The figures show the data on the biggest countries in each WHO region to perform a
descriptive analysis of the information available.

The COVID-19 weekly mortality index (represented by the time series COVIDt) was
obtained through arithmetic assessments of the data given every Monday by WHO, fo-
cusing on the difference in cumulative deaths between one reference and that from the
previous week. The percentage of growth shown by one reference over this period is the
focus of our study. These data have been assessed for the number of inhabitants in every
region. As such, we can establish:

Day 1 Cumulative deaths 1 Mortality assessed 1
Day 8 Cumulative deaths 2 Mortality assessed 2

INDEX = (Cumulative deaths 2 − Cumulative deaths 1) ∗ 100/Number of inhabitants (1)

Cumulative deaths data from Monday to Sunday were calculated through the sum
of daily deaths that were published. Even though Europe alone is the subject of our
investigation, we display the results for the six areas (see Figures 4–9).

Low values were found in African and West Pacific regions during the first wave of
contagions in Europe, and these are mainly related to the low ages of the populations in the
main countries in the African area and to the heavy measures taken to control the pandemic
in the West Pacific region.

Eastern Mediterranean, South-Eats Asia and Europe regions have shown constant
increases, but Europe has shown a very significant constant increase in the seven days
mortality index.

The American region has shown a constantly increasing ratio indicating an uncon-
trolled pandemic situation followed by a period of apparent control, with a substantial
drop in the percentage of increase in deaths due to COVID-19; the reality, however, is that
the increase was so big (achieving values of more than 500%) that the decrease appears
as 200%.
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3.1.2. LME Data: Prices and Warehouses’ Stocks

The allocation of the futures price structure is derived from the difference between
the 3-month control reference and the cash or spot price. The 3-month basis is a liquid
position [70] and is that to which the whole market refers a large part of its operations;
therefore, this metal’s structure refers to this difference, whereby a positive difference
indicates contango and a negative one indicates backwardation.

The most common market structure should be contango, as the warehousing system
is a regulator. Backwardation should only arise in a forced market, related to a lack of
offer, an excess of demand, or a speculative global fund trading position. Nevertheless, this
situation is becoming more and more frequent, with long periods of backwardation arising
due to the developing super-cycle of metals [71,72].

The copper futures price structure data were taken from the LME and warehouses
stock for the same period; the LME uses a worldwide warehouse system to normalize
different levels of metal demand and offers. Producers and traders can place large amounts
of metal into these warehouses if its brand and quality are assured by the LME’s standards;
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this can be done through brokers, who also need to be listed under the LME’s standards.
As the premium for introducing a metal into an LME warehouse is null, producers prefer
to sell directly to the market so as to achieve a premium; therefore, it is usually only when
the direct consumer market is not active or is sparse that metals arrive at these warehouses.
Traders can also perform this type of operation to manipulate the structure of the prices
or the forward curve in favor of their short- or long-term global positions. The levels of
copper in LME’s warehouses and the structure of the copper futures prices are shown in
Figure 10.
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Figure 10. Stocks in LME warehouses (STOCKt) and copper futures price (strut) over the period studied.

European data were chosen for this analysis for three reasons. First, Europe is one of
the major economies outside of China; second, it is where the LME warehouses have been
established; third, its markets are mostly based on fundamentals. Additionally, descriptive
analysis also supports the strategy of using Europe as the basis of this study, as the same
trends are shown in their COVID-19 indexes as in the changes in LME warehouses.

Both data series—the COVID-19 index in Europe and the LME copper futures price
structure—are represented in Figure 11.

3.2. Methodology

Unit root tests have been performed to ensure that the time series do not follow a
random walk structure, ensuring that they are stationary and that causality tests can be
used. In this regard, our aim was to identify the situation wherein series bind together,
with no deviation from equilibrium in the long run.

In these types of unit root tests, the null hypothesis can be linked with the stationarity
of the time series, as in the ADF and PP tests, as well as in different ones, such as KPSS tests.

Because the time series addressed in this study were non-stationary and exhibited
non-constant variance, they were analyzed with the augmented Dickey–Fuller (ADF) [27]
unit root test, as recently deployed by [73] and [74].
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Figure 11. Copper futures price structure (strut) and COVID-19.

The three regression models for ADF are set out below:

∆yt = ψADFyt−1 + ∑p−1
i=1 ψi∆yt−1 + ut; ut ≈ I ID

(
0, σ2

)
; t = 1, 2, . . . , (2)

∆yt = ψADFyt−1 + ∑p−1
i=1 ψi∆yt−1 + µ + ut; ut ≈ I ID

(
0, σ2

)
; t = 1, 2, . . . , (3)

∆yt = ψADFyt−1 +
p−1

∑
i=1

ψi∆yt−1 + µ + γt + ut; ut ≈ I ID
(

0, σ2
)

; t = 1, 2, . . . , (4)

In these equations, the difference between two time values is a function of non-constant
variance ut, with or without constant drift, µ, and a trend term, γt.

The symbols in the above expressions are defined below.
ΨADF, parameter determining the fulfilment or otherwise of the null hypothesis.

∑
p−1
i=1 ψi∆yt−1, sum of differentials in the value series multiplied by Ψ in p − 1 iterations.

p, maximum regression delay.
µ, constant.
γt, trend.
ut, process error, a function of the variance series.
The ADF and Phillips–Perron test that there is a unit root for a times series as a null

hypothesis. The existence of a unit root implies that the process is non-stationary. KPSS
tests the null hypothesis that there is stationarity in the series [75].

Engle and Granger causality-based cointegration tests [33] were performed on the
transformed series. The latter yield the order of autoregressive vectors (VAR) [76] and a
basis for calculating λmax using Johansen’s approximation, which is used to find at least
one cointegration relationship between the two series.

The Granger causality theory (Johansen approximation [30]) was used to analyze the
relationship between the series (yt)

N
t=1.

Structure of copper futures prices, (yt)
N
t=1: (strut)

13−01−2020
t=05−06−2020 (5)

Stocks in warehouses, (zt)
N
t=1: (STOCKt)

13−01−2020
t=05−06−2020 (6)
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On the other hand,

Structure of copper futures prices, (yt)
N
t=1: (strut)

13−01−2020
t=05−06−2020 (7)

COVID− 19 weekly deaths index, (zt)
N
t=1: (COVIDt)

13−01−2020
t=05−06−2020 (8)

To resolve the equations shown below ((9)–(12)), Engle and Granger cointegration tests
were conducted by applying ordinary Least Squares (OLS) to the transformed data series:

On the one hand,

strut = α0 + α1 strut−1 + . . . + α1 strut−d + β1 strut−1 + . . . + β1 stockt−d + εt (9)

stockt = α0 + α1 stockt−1 + . . . + α1 stockt−d + β1 stockt−1 + . . . + β1 strut−d + ut (10)

where d is the number of delays used, strut andstockt are the time series for which cointe-
gration was to be determined, α and β are the parameters to be studied, and εt and ut are
the errors or random disturbance, which are normally uncorrelated. It is necessary to fit a
vector autoregressive (VAR) model to obtain the optimum lag model [76].

On the other hand,

strut = α0 + α1 strut−1 + . . . + α1 strut−d + β1 strut−1 + . . . + β1 COVIDt−d + εt (11)

COVIDt = α0 + α1 COVIDt−1 + . . . + α1 COVIDt−d + β1 COVIDt−1 + . . . + β1 strut−d + ut (12)

for the other pair of data series studied.
Finally, a robustness test was done, studying cointegration between the independent

variables of the above analysis: COVIDt and STOCKt.
From a methodological point of view, once the series are transformed enough times to

obtain stationarity, these series can be represented as a set of p iterations with consecutive
values, as follows:

yt = c + A1 yt−1 + A2 yt−2 + . . . ++Ap yt−p + et (13)

in which the values are corrected by a series of constants, such as Ai, where i = 1, . . . , n; the
input constant is c, and the error vector is et.

The p-value of Equation (13) defines the VAR order of the series [77]. Here, it was
found with the Schwarz or Bayesian (BIC) and Akaike information criteria (AIC), as defined
by [78]:

Akaike (AIC) : AIC ≡ −2L∗

n
+

2m
n

(14)

Schwarz or Bayesian (BIC) : BIC ≡ −2L∗

n
+

m ln(n)
n

(15)

where L* is the Napierian logarithm of the likelihood function; n is the number of observa-
tions, and m is the number of estimated parameters.

The Johansen approximation yields α and β as the vectors:

α = |p,r| and β = |m,r| (16)

where r is the number of cointegrating vectors, and p and m are the series vector components.
The premise underlying the maximum lambda and trace tests was described by [79] as

follows: “The maximum likelihood theory of systems of potentially cointegrated stochastic
variables presupposes that the variables are integrated of order 1, or I(1), and that the
data-generating process is a Gaussian vector autoregressive model of finite order l, or
VAR(l), possibly including some determinant components”. The trace test is defined in the
following terms:

Trace = −T ∑p
i=r+1 log(1− λi) (17)
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where λi are the eigenvalues in ascending order that deliver the solution to the “reduced
rank regression problem”, and r and p form parts of values α and β, as above.

The test is run consecutively for r values of r = p − 1, . . . , 0 or r = 0, . . . , p − 1, up to
the value at which the null hypothesis is first rejected, or to the end of the series if it is not
rejected.

Instead of r, the validity of the null hypothesis may also be determined from r + 1,
which constitutes the λmax test, which is the one used here:

λmax = −T log(1− λr+1) (18)

which is identical to the trace test when p − r = 1.
Finally, it is necessary to determine whether one variable “Granger-causes” another.

One variable causes the other if the past values of one are useful for predicting the other.
See Appendix B for an extensive explanation of the application of this methodology in
different markets.

The residuals of the linear regressions built from the different data series are a matter
of study in this paper, as assessed through the Durbin–Watson approach [80–82].

Under this theory, the errors complete the definition of each time series, defined as εt,
and taking in this formula, the definition of the statistic D can be given as

D =
∑n

t=2 (εt − εt−1)
2

∑n
t=1 εt2

where t refers to the different observations of the time series.
The null and alternative hypotheses of this test are H0, where the errors are not

correlated, and H1, where they are. With a p-value below the significance level, we can
certify that the residuals are sufficient to use in the following tests on the time series.

4. Results

In this section, we give the relations between the structure of copper futures, the LME
copper warehouses’ level, and the COVID-19 weekly mortality index during the first wave
of contagions in Europe. We have also seen, in general, how extreme events are linked
with big effects on the future price in comparison with the cash price, ultimately devel-
oping a contango structure, evidencing the theoretical background of so-called “normal
backwardation”.

4.1. Relationship between LME Copper Warehouses’ Level and the Structure of Copper
Futures Prices

Both series STOCKt and strut have been shown to be non-stationary, even after Box–
Cox [83] transformations, and we also found non-stationarity at the following levels of both
series. We confirmed this via ADF, PP, and KPSS tests to check the non-stationary of the two
series, STOCKt and strut, as can be seen in Table 3, finding that both series are non-stationary
to the same degree. In regard to causality, Johansen’s approximation of the cointegration
test of Engel and Granger was performed (see Table 4), obtaining cointegration between the
STOCKt and strut series in the time frame studied. This means that increases in contango
and stocks are linked, giving evidence for the theory of normal backwardation.
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Table 3. Stationary tests for STOCKt and strut.

p-Value

Data Series ADF PP KPSS

Stock MTs I(0) 0.893 0.893 <0.0001
strut I(0) 0.177 0.177 0.008

Stock MTs I(1) 0.833 0.435 <0.0001
strut I(1) 0.218 0.218 0.004

Table 4. Johansen’s approximation tests for causality STOCKt and strut.

p-Value

Data Series Lambda Max Trace Test VAR Estimation (AIC)

Stock MTs
0.048 ** 0.072 * 2 (21,988)strut

** Rejection of the null hypothesis at the 5% significance level. * Rejection of the null hypothesis at the 10%
significance level.

This means that, under strongly adverse conditions in the consumption market, be-
cause of economic crises, sanitary catastrophes, low demand, or other extreme events,
economic players, such as producers or traders, are forced to allocate their units to official
warehouses instead of to final consumption markets. From a practical point of view, this
means that copper producers cannot easily alter their volumes to adapt to rapid decreases
in market consumption. This is also a characteristic of the commodity market, wherein a
complex global system of warehouses is established specifically “to regulate the inflows
with the outflows”. The specific definition of backwardation based on fundamentals refers
to the lack of availability of metal on the market, and in general, to the feeling of scarcity;
therefore, contango means the opposite, that is, the excess of availability. Our findings
definitely support this fundamentals-based definition of contango, as under the conditions
of a sanitary crisis, with a lack of consumption and the same production model, market
inflows are higher than outflows, with a strongly positive offer–demand balance, excess
being allocated to the official warehouses.

This theory can be used by market players when establishing their positions in favor
of contango when such market disruptions are about to occur.

4.2. Relationship between COVID-19 Mortality Index and the Structure of Copper Futures Prices

As in the previous assessment of the series, we have also checked the stationarity of
strut, this being the futures copper price structure data series, finding (see Table 5) that for
both series (this one and the COVID-19 mortality data index), non-stationary conditions
were achieved. After Box–Cox transformations, we also found non-stationarity in the
following levels of both series.

Table 5. Stationary tests for COVID-19 index and strut.

p-Value

Data Series ADF PP KPSS

COVID-19 index I(0) 0.459 0.459 0.048
strut I(0) 0.177 0.177 0.008

COVID-19 index I(1) 0.459 0.459 0.048
strut I(1) 0.218 0.218 0.004

Both data series, before and after being transformed, showed the same levels of
non-stationarity, making it appropriate to use Johansen’s approximation of the Engel and
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Granger cointegration test to obtain co-movements between the COVID-19 index and the
future price structure of copper (see Table 6).

Table 6. Johansen’s approximation tests for causality COVID-19 index and strut.

p-Value

Data Series Lambda Max Trace Test VAR Estimation (AIC)

COVID-19 index
0.003 *** 0.001 *** 5 (7.088)strut

*** Rejection of the null hypothesis at the 1% significance level.

These results show that an event with a strong impact on demand (such as the increase
in COVID-19 mortality rate) can cause market scarcity to disappear; in fact, it could generate
a feeling of oversupply, thus developing a contango structure.

A producer that is starting to feel a lack of consumption interest from their customers
due to a macro event, such as an incipient economic crisis or a sanitary emergency, could
easily reassert their hedge position by selling their units using future due date prices instead
of short-term prices. A good example of this has been the appearance of new variants
of COVID-19, as a result of which the market could be preparing to restructure into a
consistent contango. This approach, as others, is speculative by nature, so what is offered
here is a better chance to prepare a strategy, as the market could have opposing drivers that
would make the structures of copper futures prices fall into backwardation.

Relative to the joint evolution of COVIDt and LME warehouses stock series, as a
robustness test, we have found that they are cointegrated. See Figure 12 and Table 7,
showing p-values of Engle and Granger test:

Figure 12. COVIDt versus LME warehouses stock during the first wave of contagions of COVID-19
in Europe.
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Table 7. Engle and Granger through Johansen’s approximation values on cointegration.

p-Value

Data Series Lambda Max Trace Test VAR Estimation (AIC)

COVIDt 0.011 ** 0.006 *** 5 (13,645)stock
*** Rejection of the null hypothesis at the 1% significance level. ** Rejection of the null hypothesis at the 5%
significance level.

Finally, we tested the null hypothesis that residuals of the model are autocorrelated.
Time series’ residuals have been checked via the Durbin–Watson test, trying to certify that
these residuals are autocorrelated and the tendency is consistent. The results show (see
Table 8) that, in the case of the series: warehouse stocks, structure of daily dataset, and
futures price structure, the p-value is less than the 1% and, in the case of the COVID-19
series, the p-value is lower than the 5%, so the null hypothesis can be rejected.

Table 8. The p-value of Durbin–Watson tests performed on different time series.

Time Series Warehouse
Stocks

Structure of
Daily Dataset

COVID-19
Index

Futures Price
Structure on

Weekly Dataset

p-value <0.0001 *** <0.0001 *** 0.029 *** <0.0001 ***
*** Rejection of the null hypothesis at the 1% significance level.

5. Conclusions and Recommendations

The COVID-19 pandemic has thrown the world economy into turmoil, and commodity
markets have lived through a tsunami since its beginning; its implications have led to a
situation of strong normal backwardation.

This paper shows that the levels of stocks in warehouses are linked with the devel-
opment of the commodity forward price (contango or backwardation). We proved that,
in a multi-country lockdown scenario due to the first wave of COVID-19 infections in
Europe, in a long-term backwardated context, copper stocks rose, and a contango structure
appeared, indicating a cointegration between the data series representing these stocks and
the contango structure.

In the same context, under the influence of macroeconomic events affecting commodity
prices, the present findings confirm the existence of a relationship between COVID-19′s
impact and the structure of copper futures prices, measured on the grounds of COVID-19
weekly mortality data.

In recent times, the financialization of commodities, especially copper, has been a
matter of close study and investigation, as explored in the Introduction section, and we
are finding that fundamentals are also interfering in the forward price compared with spot
prices. Times are approaching where analyses and statistics are suggesting there will be a
lack of copper units [52,53], so we can expect this commodity to be driven increasingly by
fundamentals. The development of the EV (electric vehicle) and its higher level of copper
usage for fabrication, the electrification of charging points, and the development of renew-
able energies are causing increases in optimism and a feeling that, again, fundamentals are
playing an increasingly definitive role.

In this context, some highlights can be selected as policy recommendations, when
market agents follow price structure strategies. Under normal backwardation theory,
backwardation is the long-term trend; that implies that the spot price is higher than the
3-month price, so, depending on the position players have (short or long), they can try to
move in favor of backwardation. However, an extreme event like COVID-19, that turned it
into a contango, makes spot prices lower. This way, as contango appears, players should,
then, set long term positions to optimize results.
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Market players can benefit from changes in tendency and extreme events, such as
the recent one studied here, related to the change from structural backwardation to con-
tango. This fact can be used by volatility-based players to increase the weight of positions
supported by extreme events, not only in terms of short-term contango or short-term back-
wardation, but also to set up a contango/backwardation structure change-based strategy.
We have experienced, during the COVID-19 pandemic, different scenarios within the com-
modities market, showing the strongest contangos ever during the first phase of worldwide
lockdowns, followed by several ups and downs in the future structure of base metals
in particular, as related to extreme events (in our recent context, COVID-19): the arrival
of a vaccine, the acceleration of the vaccination process, the appearance of new variants,
countries’ herd immunity, new variants evading the protection of vaccines, new vaccines,
new contagion waves, cross-relations between the variables under study, relations with
other assets such as those in [69], etc. There is no doubt that the analysis of the commodities
market’s behavior in general, and that of copper’s in particular, under all these scenarios
opens up a new line of research and constitutes the basis of new papers. Additionally, the
relation between data from the WHO regions and aggregated data from around the world
could be a new research focus, even if it would be a huge challenge to measure the integrity
of the data given the speed of communication between each country.
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Appendix A

Table A1 shows some papers that evidence the effect on the economy of the COVID-19
pandemic.

Table A1. COVID-19 effect on global economy.

Doc. Influence Geographic Frame

[84] 5% Global GDP decrease 140 regions

[85] Electronic trade decrease (13–53%) and automobiles (2–49%) China, Europe, and USA, and global

[86] Readaptation of the supply chains to the lack of products China based

[87] Different approaches of different economies to the economic
pandemic effect

Australia, Brazil, China, Germany,
Italy, South Africa, Sweden, and USA

[88] Big effect on GDP of Spain, Greece, and Portugal Spain, Greece, and Portugal

[89] 90% closure of export production units in China China-based

[90] Loss of investments and fluctuations in international trade Global studies

[91] Investor sentiment change Global trades

https://covid19.who.int/info/
https://www.lme.com/en/Metals/Non-ferrous/LME-Copper#Historical+data
https://www.lme.com/en/Metals/Non-ferrous/LME-Copper#Historical+data
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Table A1. Cont.

Doc. Influence Geographic Frame

[92] Concerns about food security Vietnam and Kazakhstan on one
hand and ex-China on the other

[93] Possible hoardings, lack of pesticides Worldwide

[94] Supply chain shocks Global aerospace companies

[95] Government economic stimulus and its influence G-7 countries

Appendix B

The following are applications of Granger causality related the case study.

Table A2. Granger causality in the literature.

Reference Market Sector Specific Methodology

[48] Bitcoin GARCH regression and Granger causality

[43] Precious metals GJR-GARCH and causality models

[96] Exchange rates, short-interest rate and Bursa
Malaysia Johansen–Juselius cointegration test

[97] Liquid milk and powdered milk in Malawi Johansen’s cointegration procedure, TVAR, and
TVCEM

[98] Economic growth in the ASEAN-5 countries
(Association of Southeast Asian Nations)

Johansen cointegration test, vector error correction
model (VECM), and dynamic analysis

[99] Bitcoin VAR system and Granger causality

[100] Oil and stock markets returns Bivariate BEKK-GARCH model

[101] Cryptocurrencies and stock market indices Fractional integration and cointegration

[102] Animal production processes (Veal) VECM model and Johansen cointegration test

[49] Brexit and base metals Johansen cointegration test and Var model

[103] Oil and stock markets Wavelet coherence and BK frequency
connectedness method

[104] Climate variability Mann–Kendell (MK) trend test, Sen’s Slope (SS)
test and Cox and Stuart (CS) test

[105] Bitcoin GSADF tests

[106] Work accidents Johansen cointegration and Granger causality test
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