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Abstract: The energy sector has been the main economic hub in everyone’s lives and in world
geopolitics. Consequently, oil, gas, electricity and energy from renewable sources (wind and solar)
are traded on the stock market, and all interconnected around the world. On the other hand, a
global health crisis, such as COVID-19, can produce a great economic catastrophe. In this scenario, a
robust statistical analysis will be performed here with respect to the concept of interdependence and
contagion effect. For this project, we chose to study the relationship between the main source of energy
(crude oil, WTI and Brent) and two (Gold and Silver) precious metals (which are a safe haven for
investment). Therefore, with the novelty of the application of ρDCCA and ∆ρDCCA coefficients before
and during the COVID-19 crisis (announced by the World Health Organization), the interdependence
and the contagion effect were calculated. We verified that COVID-19 had no influence on contagion
effect between crude oil in its indexes, WTI and Brent, since they have already shown to be highly
interdependent, both before and after the World Health Organization COVID-19 decree. Likewise,
COVID-19 had a significant influence on the crude oil and precious metal sectors, which was evident
as we identified an increase in its interdependence, with a clearly positive contagion. These results
show that COVID-19 imposed a restructuring in the relationship between energy (crude oil) and
precious metals. More details will be presented throughout this article.

Keywords: DCCA cross-correlation; interdependence; contagion; energy; precious metals; COVID-19

1. Introduction

Globalization has led to the destruction of barriers to international investment in many
countries in recent decades, this has caused greater integration, which led to a greater
correlation (interdependence) between the stock markets of different countries. This in-
terdependence is often useful during periods of calm, but in periods of crisis, it can make
it difficult to diversify portfolios efficiently [1,2]. Economic crises generate difficulties in
the maintenance and sustainability of social structures, leading in the majority of cases
to unemployment, shortages, inflation and hunger, among other things [3]. Therefore,
the benefits of diversifying international financial portfolios have been put to the test,
mainly due to various crises in the financial markets [2,4–6]. The correlation and trans-
mission of crises has been discussed frequently in recent decades, especially after the 2008
financial crisis [7–9]. In this sense, knowledge concerning the form and the intensity of the
interdependence between different financial markets is vital for efficient decision making,
the assessment of the financial health of a market and the identification of diversification
opportunities to minimize the adverse effect of uncertainty on the expected return on
investments. The relationship between interdependence and the contagion effect (caused
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by crises) is determined in this paper through an auto-correlation and cross-correlation
analysis [9–11], which can also be measured.

We all know that oil, gas, electricity and energy from renewable sources (wind and
solar) are traded on the stock market and are interconnected around the world. A global
health crisis, such as COVID-19, can have drastic effects on the economy. Recent studies
have analyzed the contagion effect caused by the COVID-19 pandemic, as can be seen
in [12–16]. Therefore, a statistical analysis will be performed below with respect to the
concept of interdependence and contagion effect. We chose to study the relationship
between the main sources of energy (crude oil, WTI and Brent) and two (Gold and Silver)
precious metals, because these are good economic indicators of a country’s well-being.
With these indexes, we applied ρDCCA and ∆ρDCCA coefficients, and thus measure the
interdependence and the contagion effect caused by COVID-19.

In order to present this novelty, we structured this paper as follows: Section 2 reviews
state-of-the-art articles on financial contagion, Section 3 describes the methodology, Section 4
contains the data, results and discussions, and finally, Section 5 presents the conclusions.

2. Literature Review

Since the mid-2000s, international financial markets have been subject to a series of
significant financial crises, including the subprime crisis (USA in 2008) and the sovereign
debt crisis (Europe in 2010) [7]. Assessing the current state of financial integration and
shocks between markets is also relevant from a point of view of cost versus benefit. The lit-
erature agrees that financial integration is beneficial in good times. However, in times of
crisis, high financial integration increases the likelihood of contagion, due to the close inter-
relationships between financial markets caused by their proximity. In general, the benefits
of financial integration are expected to outweigh the long-term costs [17].

Andriosopoulos et al. [18] investigated whether or not events during the Euro-
pean financial crisis affected energy prices. The authors studied contagion effects for
energy/commodity prices, examined the nature of energy price volatility and investigated
whether or not the volatility of European Union stock markets spilled over, subsequently
affecting the volatility of other energy/commodity markets. The authors show the existence
of significant contagion effects in these stock markets, as well as significant changes in the
nature of energy/commodity volatility during the 2010 financial crisis. Gunay [19] studied
the influence of the 2020 global pandemic on six stock markets, noting the existence of
contagion and structure breaks in most markets between the 19th and 21st of February 2020,
while in the Chinese stock market, the break occurred on the 30th of January. Fang et al. [20]
analyzed the contagion in emerging stock markets, during the period 2000–2016, using
the impulse response method and dynamic conditional correlation (MGARCH) model.
The authors show that the level of volatility in emerging stock markets was higher than
in developed stock markets. Complementary, they suggest that emerging stock markets
are significantly subjected to residual contagion during the US subprime mortgage crisis
and Europe’s protracted debt crisis. Moreover, the residual contagion effects of these two
crises are noticeably heterogeneous in emerging markets. Ghorbel and Jeribi [21] analyzed
the contagion among the energy index, crude oil, gas prices and financial assets during the
2020 global pandemic crisis. Using the model ARMA-EGARCH, Ozturk and Cavdar [12]
analyzed the contagion effect between Bitcoin, Gold and oil prices and exchange rates,
as well as the connections between the volatilities of these variables during the COVID-19
pandemic. In a complementary way, Ghorbel and Jeribi [22] investigated the relationship
between the volatilities of cryptocurrencies and other financial assets. In this case, the re-
sults of the BEKK-GARCH model show evidence of a higher volatility spillover between
cryptocurrencies and lower volatility spillover between cryptocurrencies and financial
assets. The results of the DCC-GARCH model identify an important effect of writing
Bitcoin futures. During the period of stability, the overarching implications of the results
are that there is a persistent high positive value of correlation between cryptocurrencies
and low dynamic conditional correlations between cryptocurrencies and financial assets.
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For these authors, Bitcoin and Gold were considered hedges for US investors before the
COVID-19 crisis. Furthermore, the authors show that cryptocurrencies can offer diversifica-
tion benefits for investors and are diversified during the stability period. Malik et al. [23]
measured the contagion effect during COVID-19 by considering the volatility spillovers of
BRIC countries and using a diagonal BEKK approach.

More recently, Rastogi et al. [13] studied the contagion effect among Gold, crude oil
and interest rates to investigate the volatility integration of Gold and crude oil prices with
the interest rates in India, in the period from 30 November 2015 to 16 November 2020.
The authors show the existence of long-term conditional correlations between Gold and
interest rates, but there is no evidence of the spillover volatility of Gold and crude oil on
interest rates. Marwanti and Robiyanto [14] analyzed the oil and Gold price volatility on
the Indonesian stock market during the COVID-19 pandemic using the GARCH (1,1) model.
The results showed that Gold was a safe haven during the 2020 pandemic. Mishra et al. [15]
analyzed the causal relationships between spot and future prices of crude oil and Gold
by applying tests of rolling, recursive evolving and asymmetric causality. The authors
show that there are causal relationships for both crude oil and Gold prices. Saijai et al. [16]
examined the contagion effects among stock markets, treasury bills, oil, Gold, and Cryp-
tocurrency during the COVID-19 crisis. The authors used multivariate models based on
dynamic conditional correlations. Many other recent studies of financial contagion have
been carried out.

3. Methods

The calculations in this paper are based on Detrended Fluctuation Analysis (DFA) [24]
and Detrended Cross-Correlation Analysis (DCCA) [25]. These applications are justified by
the fact that they can quantify the level of cross-correlation between two non-stationary
time series (as in our case). The algorithm for implementing the DFA and DCCA methods
is described below. Initially, for two non-stationary time series, {xi} and {yi} (price of
the commodity), where i = 1, · · · , Nmax (time series length), we perform the following
computational steps.

Algorithm for DCCA computation:

a Compute the integrated time series: Xk ≡ ∑k
i=1[xi − 〈x〉] and Yk ≡ ∑k

i=1[yi − 〈y〉],
with k = 1, · · · , Nmax. Here, 〈x〉 and 〈y〉 are the means of x and y, respectively.

b Divide the entire time series into (Nmax − n) overlapping boxes that each contain
(n + 1) values.

c For both time series, in each box that starts at i and ends at (i + n), compute the local
trend, X̃k,i and Ỹk,i, with (i ≤ k ≤ i + n), as the ordinate of a linear least-squares fit.

d The covariance function in each box is calculated as follows:

f 2
DCCAx;y(n, i) ≡ 1/(n + 1)∑i+n

k=i (Xk − X̃k,i)(Yk − Ỹk,i);

e The detrended covariance function is computed as follows:

F2
DCCAx;y(n, i) ≡ (Nmax − n)−1 ∑Nmax−n

i=1 f 2
DCCAx;y(n, i);

f Finally, steps b, c, d and e are repeated for the following time scales, 4 ≤ n ≤ Nmax/4.

As FDCCA is the generalization of FDFA for two distinct time series ([25]), we can write:

FDFA−x(n) =
√

F2
DCCAx;x(n) and FDFA−y(n) =

√
F2

DCCAy;y(n)

Therefore, with the fluctuation function FDFA, it is possible to determine whether or
not auto-correlation exists in time series with power-law between FDFA and the time scale
n; in other words:

FDFA(n) ∼ nαDFA , (1)

In this case, αDFA is defined as a self-affinity parameter that represents the long-range
auto-correlation (see Table 1 below and [26]):



Sustainability 2023, 15, 3945 4 of 12

Table 1. αDFA exponent and types of signals.

Exponent Type of Signal
αDFA < 0.5 anti-persistent

αDFA ' 0.5 uncorrelated, white noise

αDFA > 0.5 long-range correlated persistent

αDFA ' 1 1/ f noise
αDFA > 1 non-stationary
αDFA ' 3/2 Brownian noise

The DFA method is also able to identify seasonal components [27–29], and the ampli-
tude of FDFA(n) can be applied to classify or distinguish different types of signals [30].

To quantify the level of cross-correlation, the DCCA cross-correlation coefficient can be
defined as the ratio between the detrended covariance function, F2

DCCA, and the detrended
variance function, FDFA [31]:

ρDCCA(n) ≡
F2

DCCAx;y(n)

FDFA−x(n) FDFA−y(n)
. (2)

The value of ρDCCA has the following range:

−1.0 ≤ ρDCCA ≤ 1.0

In this case, ρDCCA = 0.0 means there is no cross-correlation, and it splits the level of
cross-correlation between the positive case and the negative case. This coefficient has been
tested on selected time series [32,33] and proved to be quite robust, mainly for the statisti-
cal analysis of non-stationary time series [34–37] and specifically for climatology [38,39],
turbulent fluids [40,41] and geology [42], among other fields. For more information about
the algorithm for DCCA computation, see the following YouTube video (in Portuguese):
https://www.youtube.com/watch?v=RQL7Db74yG0&t=394s, accessed on 10 January 2023.
With ρDCCA, it is possible to define the interdependence between two financial indexes
(see [8]). However, if we want to measure the effect that a crisis has had on a financial
market (and therefore on its index), the difference between the values of ρDCCA, separated
by an amount of time (for example, the duration of crisis), is an excellent candidate. This
difference will be defined here as follows:

∆ρDCCA(n) ≡ ρ
a f ter
DCCA(n)− ρ

be f ore
DCCA(n) (3)

where the values are separated by a given moment (e.g., crisis) denoted by Mcrisis:

X ρ
a f ter
DCCA is the value of the DCCA cross-correlation coefficient after Mcrisis;

X ρ
be f ore
DCCA is the value of the DCCA cross-correlation coefficient before Mcrisis.

With ∆ρDCCA, it is possible to evaluate the transmission of contagion effects, both
locally and globally, based on the assessment of ρDCCA values before and after a critical
event (Mcrisis) [9]. Therefore, by definition, ∆ρDCCA can be positive or negative:

> 0 if the contagion effect was positive;

∆ρDCCA = 0 if the contagion effect was not observed;

< 0 if the contagion effect was negative. (4)

For more details, see [9,33,43].
Now, in order to measure the interdependence and the contagion effect (due to COVID-

19) between crude oil (WTI and Brent) and precious metals (Gold and Silver), we present
the data, results and discussion below.

https://www.youtube.com/watch?v=RQL7Db74yG0&t=394s
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4. Data, Results and Discussion

Here, we present the data used and the results obtained to discuss the interdependence
between crude oil and precious metal indexes, as well as the contagion effect generated
by COVID-19.

4.1. Data

We used the opening daily price indexes (in USD) for a barrel of West Texas Intermedi-
ate oil (WTI), a barrel of oil from Shell (Brent), a troy ounce of Gold and a troy ounce of
Silver; these indexes are traded on the New York Stock Exchange (NYSE) in the United
States of America and are described in Table 2.

Table 2. Commodities and unit price (in USD).

Index Price (USD)
Silver (SI = F) troy ounce
Gold (GC = F) troy ounce

Brent crude oil (BZ = F) barrel
WTI crude oil (MCL = F) barrel

The indexes were collected for the period from 2 January 2018 to 23 May 2022, from the
public Yahoo finance database: https://finance.yahoo.com/, accessed on 24 June 2022. The
classic behavior of these indexes during the referred period of study can be seen in Figure 1.

Considering the COVID-19 statement made by the World Health Organization (WHO)
on 11 March 2020, we deliminate three time periods, which are represented by the blue,
black and red curves in Figure 1:

Period I from 2 January 2018 to 9 February 2020 (before the WHO COVID-19);

Period II from 10 February 2020 to 10 March 2020 (Mcrisis with 61 days);

Period III from 11 March 2020 to 23 May 2022 (after the WHO COVID-19).

Our decision to consider these time periods was due to the fact that this COVID-19
announcement was a worldwide event, with the effects of this announcement propagating
throughout the world in a few days. With these time periods defined, we have an amount
of quotations equal to before (Period I) and after (Period III), with 519 working days.
From Figure 1, it is possible to see the performance of these indexes, before and after the
announcement concerning COVID-19. With this structure in place, we can now ask the
following questions:

• Is there interdependence between Brent, WTI, Silver and Gold?
• How did the contagion effect caused by COVID-19 impact this interdependence?

These two questions are answered below.

4.2. Results

First, we performed an auto-correlation analysis, using the DFA method, for the entire
study period, which we will refer to from here on as All, for Period I (before the COVID-19
announcement) and for Period III (after the COVID-19 announcement). As we performed
a comparison among the indexes, we applied the returns, defined as follows:

r(t) = log10

(
P(t + 1)

P(t)

)
(5)

where P(t) is the price of the commodity on day t. A brief descriptive statistic of the return
was calculated, see Appendix A. These results show that the mean values are close to
zero (as expected), whereas for the Period III, the standard deviation (sd), Kurtosis and
Skewness, are more distant from stationary case, if compared with Period I.

https://finance.yahoo.com/
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Figure 1. Price (USD) as a function of time for: (a) Brent crude oil (barrel); (b) WTI crude oil (barrel);
(c) Silver (troy ounce); and (d) Gold (troy ounce).

Then, we calculated FDFA × n for each commodity (Gold, Silver, WTI and Brent),
and we checked the relation FDFA ∝ nαDFA . The values of αDFA for this case are presented
in Table 3.

Table 3. DFA exponents for Gold, Silver, WTI and Brent. These results are reported for three time
periods surrounding the WHO announcement of the COVID-19 pandemic: Before (Period I), After
(Period III) and All (entire time period). The error found for αDFA is at most ±0.01.

Index Before After All
Gold 0.40 0.42 0.40
Silver 0.41 0.44 0.48

WTI 0.50 0.38 0.54
Brent 0.49 0.37 0.53

From the auto-correlation results presented in Table 3, we can see that there is a
clear change in the value of the αDFA exponent depending on the time period. The value
of αDFA increased from Period I to Period III for precious metals (within the margin of
error of ±0.01). In the case of crude oil, this value decreased from Period I (∼0.50) to
Period III (∼0.38) for both WTI and Brent. In the last column of Table 3, αDFA for the
entire time period is shown; it indicates a great proximity between WTI and Brent, with a
little persistence. For precious metals, during this time period, there is an anti-persistence
condition, with Gold being the smallest one. We can see that the αDFA exponent changed
depending on the time period being analyzed. However, this exponent cannot be used to
verify the interdependence or the contagion effect caused by COVID-19.

To determine the degree of interdependence, we will now calculate the DCCA cross-
correlations between all indexes. Therefore, the six possible combinations of the four
commodities are presented below:

(a) Brent ×WTI (b) Gold × Silver (c) Brent × Silver
(d) WTI × Silver (e) Brent × Gold (f) WTI × Gold

The main objective of this paper is to measure the contagion effect caused by COVID-
19, in addition to the aforementioned combinations of commodities and the results for each
of the considered time intervals, namely, the entire time period (All), the time period before



Sustainability 2023, 15, 3945 7 of 12

the WHO COVID-19 announcement (Before, Period I) and the time period after the WHO
COVID-19 announcement (After, Period III). Initially, if there is interdependence between
commodity pairs, ρDCCA 6= 0, there can be positive (one commodity follows the other) or
negative interdependence (one commodity is contrary to the other).

The results for the DCCA cross-correlation coefficient between commodities are shown
in Figure 2, which shows ρDCCA as a function of n (days) for the six possible commod-
ity pairs.

Figure 2. ρDCCA as a function of n for: (a) Brent × WTI, (b) Gold × Silver, (c) Brent × Silver,
(d) WTI × Silver, (e) Brent × Gold and (f) WTI x Gold. The black symbols (�) correspond to the
entire time period, the red symbols ( ) correspond to Period I, and blue symbols (N) correspond
to Period III. The horizontal dotted lines correspond to the level of DCCA cross-correlation (weak,
medium or strong), which can be positive or negative.

From Figure 2, for the entire time period (All, �), we can see that interdependence
between commodities exists, because ρDCCA 6= 0. For WTI × Brent (Figure 2a), ρDCCA ' 1,
which represents a perfect DCCA cross-correlation (maximum interdependence). In the case
of Gold× Silver (Figure 2b), there is strong positive interdependence up to the time scale of
approximately 90 days, where there is a small decrease to a medium level of cross-correlation.
The cross-correlation between crude oil and precious metals, presented in Figure 2c–f, are
particularly interesting: Brent× Silver (Figure 2c) and (WTI× Silver Figure 2d): The DCCA
cross-correlation coefficient is in the following range: 0 ≤ ρDCCA ≤ 0.333. Brent × Gold
(Figure 2e) and WTI × Gold (Figure 2f): We can identify the same type of behavior that is
shown between crude oil and Silver for small time scales, but for large time scales, ρDCCA
tends to have negative values.

To assess the contagion effect of COVID-19 for these commodities, we applied ρDCCA
to each pair of indexes for Period I ( ) and Period III (N); this can be seen in Figure 2.
It can be seen that, for most commodity pairs, there was an increase in the DCCA cross-
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correlation if we compare Period I with Period III. To measure the contagion effect caused
by COVID-19, we can apply Equation (3) to calculate ∆ρDCCA by dividing the total time into
two intervals and comparing the ρDCCA values. Figure 3 shows the values of ∆ρDCCA(n).

Figure 3. ∆ρDCCA as a function of the time scale n. Based on [33], dash lines denote the rejection
limits of the null hypotheses at 99% of confidence level.

It can be seen that for most commodity pairs, there is an increase in the DCCA cross-
correlation, because ∆ρDCCA > 0. This fact indicates that the contagion effect related
to COVID-19 exists; in addition, the DCCA coefficient can be used to quantify its level.
An exception (negative ∆ρDCCA) is found for the cross-correlation between Gold and
Silver and time scales n > 30 days (see the vertical dashed line in Figure 3). The ∆ρDCCA
values for:

WTI × Silver

Brent × Gold

WTI × Gold

Brent × Silver

showed similar dynamics, that is, ∆ρDCCA > 0 for all time scales, and indicates a positive
change from n ≥ 30, which is highlighted by the yellow dashed vertical line. Notably,
the relationship between Brent and WTI shows ∆ρDCCA ' 0 for all time scales, indicating
that there was no contagion effect. This is because these commodities already had and
continued to have an approximately perfect DCCA cross-correlation, regardless of COVID-
19. The time scale n = 30 (days) in this context is associated with some type of stock market
behavior that occurs on this time scale.

4.3. Discussion

Economic and financial crises, such as the one caused by COVID-19, have had signifi-
cant impacts on economic, social and environmental systems due to the many connections
between these systems [44]. In view of this increase in globalization, financial markets have
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become increasingly narrow and dependent on each other, with connections between the
economic sector and other sectors. The analysis of energy stock markets, with an emphasis
on crude oil (WTI and Brent), and traditional stock markets with an emphasis on precious
metals (Gold and Silver), can help us to understand the interactive dynamics of financial
transactions, serving as a reference for extrapolating this context, in addition to presenting
the possibility of metals being safe havens compared to crude oil. Figure 1 shows the
similarities in the behavior of crude oil price indexes.

The DFA method is suitable for auto-correlation analysis in non-stationary time series,
and its exponent, αDFA, measures the persistence of these time series. For the returns, we
confirm that FDFA(n) ∼ nαDFA , and the values of the auto-correlation exponent are shown
in Table 3.

However, these dynamics cannot be used to determine the level of interdependence or
the contagion effect between pairs of commodities. We need a deeper and more robust eval-
uation metric, such as the DCCA cross-correlation coefficient, ρDCCA, which is presented in
Figure 2. In general, this coefficient indicated that the interdependence increased after the
COVID-19 crisis began, except for the commodity pair containing both precious metals.

Regarding the contagion effect caused by COVID-19, which was also analyzed in [12,21],
in this paper, it was clearly measured using ∆ρDCCA, as shown in Figure 3. Therefore, based on
ρDCCA and ∆ρDCCA, we can now answer the questions posed in Section 4.1:

(i) We can make the following statements about the interdependence:

• There is maximum interdependence between Brent and WTI, because ρDCCA ' 1.000.
• There is strong interdependence between Gold and Silver, because ρDCCA ' 0.666.
• There is weak interdependence between Brent and Silver and WTI and Silver, be-

cause ρDCCA ' 0.333.
• There is no interdependence between Brent and Gold and WTI and Gold, because

ρDCCA ' 0.000 for time scales n ≤ 30 (days).

(ii) We can make the following statements about the contagion effect caused by
COVID-19 by comparing Period I and Period III:

• Generally, ∆ρDCCA > 0, which indicates that there is a contagion effect between the
considered commodities.

• For Brent × WTI, the contagion effect proved to be null, as ∆ρDCCA ' 0; this is
because these commodities had a maximum interdependence.

• For Gold × Silver, the contagion effect is null for time scales n < 30.

5. Conclusions

The main types of energy are oil, gas, electricity and energy from renewable sources
(wind and solar). These energies, for the most part, are traded on the stock market and
are interconnected around the world. With a global health COVID-19 crisis, at the start of
2020, the stock market was faced with a disastrous crisis. In this scenario, in this paper,
we have performed a statistical analysis with respect to the concept of interdependence
and also contagion effect. For this project, we chose to study the relationship between the
main source of energy (crude oil) and two precious metals. Therefore, with the novelty
of the application of the ρDCCA and ∆ρDCCA coefficients before and during the COVID-19
crisis, the interdependence and the contagion effect were calculated. By using ρDCCA and
∆ρDCCA, it is possible to assess the interdependence and the contagion effect between crude
oil and precious metals against the backdrop of the economic crisis caused by COVID-19.
In this paper, we verified that COVID-19 had no contagion effect on the interdependence
of the crude oil indexes, WTI and Brent, since they were already highly interdependent.
Likewise, COVID-19 had a significant influence on the crude oil and precious metal sectors,
which was evident as we identified an increase in interdependence, with a clearly positive
contagion. These results show that COVID-19 imposed a restructuring in the relationship
between energy (crude oil) and precious metals. Finally, our results show that COVID-19
imposed a restructuring in the relationship between the energy and precious metals sectors,
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that is, there is an increase in interdependence between these commodities, measured with
a positive contagion using the ∆ρDCCA coefficient. As a future application, this project can
be an important basis for questions related to government policies and energy security
issues, such as the war between Russia and Ukraine.
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Appendix A. Descriptive Statistic

In Figure A1, we have a brief descriptive statistic of the returns for: WTI, Brent, Gold
and Silver commodities traded on the New York Stock Exchange.

Figure A1. Descriptive statistic of the return for WTI, Brent, Gold and Silver.
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