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Abstract

This paper examines cryptocurrencies in terms of their diversifier, safe haven and/or
hedge properties, while simultaneously testing the existence of contagion and spillover
effects between cryptocurrencies (Bitcoin and Ethereum) and commodities (gold, silver,
oil) during periods of global crises. The aim of the research is to determine the
relationships between these assets and analyse the transmission of shocks in crisis
conditions. The empirical analysis is conducted using daily returns from January 2019
to May 2023, employing the DCC-MGARCH, Kolmogorov-Smirnov test and Diebold-
Yilmaz spillover index. The results show that cryptocurrencies mainly act as diversifiers.
During stable periods, there are mild positive correlations between cryptocurrencies and
commodities, while in crisis periods there is an increase in these correlations. Oil showed
weak correlation with cryptocurrencies, while silver exhibited the strongest correlation
among the commodities. No negative correlations are observed between the assets, which
excludes the possibility of classifying cryptocurrencies as safe havens for observed
commodities. For all pairs of the assets the contagion effect is present, with the
distribution in crisis being stochastically dominant. In terms of spillover effect, it is
confirmed that oil and cryptocurrencies act as net transmitters of shocks. Additionally,
the wavelet coherence analysis confirms previous findings while concluding that in
periods of turmoil cryptocurrencies act as catalysts of financial contagion, although not
being direct sources of contagion.

1. Introduction

In modern business, the financial market landscape is constantly evolving
under the influence of technological innovations, which have led to the emergence
of decentralized digital currencies, i.e. cryptocurrencies. While it is well known that
financial shocks in commodity markets, such as those involving gold, silver, and oil,
can have global repercussions, relatively little is known about how these shocks are
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transmitted to newer asset classes, i.e. cryptocurrencies. On the other hand, the
cryptocurrency market, due to its volatility and uncertainty, is often exposed to
sudden changes that can affect commodity markets. Historically, the value of gold is
driven by its tangible nature, scarcity, and general acceptance as a medium of
exchange. The value of all commodities is influenced by macroeconomic factors,
geopolitical tensions, and central bank policies. In contrast, cryptocurrencies operate
in a decentralized environment. Their value is influenced by factors such as
technological advances, regulatory developments, and market sentiment. Given this
diversity, it can be assumed, perhaps incorrectly, that these assets operate in isolation.
However, previous research on contagion effects suggested that financial markets
exhibit extremely complex interrelationships, which can be influenced by a myriad
of factors. The rise of cryptocurrencies and their subsequent integration into
mainstream finance have led to the integration of traditional and digital asset markets
(Klein et al., 2018). The boundaries between traditional and digital financial
instruments are blurring: institutional, as well as private, investors are diversifying
their portfolios to include digital assets. This market convergence raises the questions
that underpin this paper. Can cryptocurrencies be characterized as safe havens with
respect to other commodities, or are they barely diversifiers? Does a shock in the
commodity markets affect cryptocurrencies and vice versa, i.e. is there a contagion
effect between commodities and cryptocurrencies? Is there a spillover effect between
these markets?

Gold is the most representative commodity and is considered a safe haven in
times of crisis (Baur and Lucey, 2010). Namely, a safe haven is an asset that is
uncorrelated or negatively correlated with another asset during times of market
stress. On the other hand, a diversifier is an asset that is on average positively (but
not perfectly) correlated with another asset. Finally, a hedge is an asset that, on
average, is uncorrelated or negatively correlated with another asset (Baur and Lucey,
2010). With the growth of interest in cryptocurrencies, the question arises whether
Bitcoin (as the most prominent representative of cryptocurrencies) is the new gold,
i.e. does it provide a safe haven in times of crisis. Klein et al. (2018) concluded that
Bitcoin and gold have completely different financial characteristics and relationships
to capital markets and that Bitcoin cannot be considered the new gold. Bitcoin and
gold share some characteristics (limited supply, decentralization), but their
correlation is minimal (Hérdle et al., 2020). Similar conclusions are presented by
Smales (2018). On the other hand, Dyhrberg (2016) finds that Bitcoin provides
hedging option, similar to gold, indicating its utility in mitigating market risks.
Majority of the papers are dealing with the properties of cryptocurrencies in different
horizons, investment strategies and with respect to different assets including some
commodities. They reveal diversifying properties for most of the assets and stable
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periods, but also hedging (Dyhrberg, 2016) and safe haven properties for stocks
(Bouri et al., 2016; Arneri¢ and Mateljan, 2019; Aljinovi¢ et al., 2022; Sajeev and
Afjal, 2022), but only for certain markets and in certain periods. Cryptocurrencies
are found to be hedge for currencies (Dyhrberg, 2016; Sestanovi¢ and Luketa, 2025)
and commodities (Naeem et al., 2020; Lavelle et al., 2021) while being safe haven
for metal in Naeem et al. (2020) and for USD in Sestanovi¢ and Luketa (2025). Since
economies and financial markets around the world have experienced several
turbulent events in recent years, from various geopolitical tensions to the pandemic
and Russian-Ukrainian war circumstances. Such events often lead investors to
reassess their portfolios and seek refuge in assets that can overcome difficult
economic times. This paper therefore tries to re-examine the properties of
cryptocurrencies in these turbulent periods.

As global financial markets are highly interconnected, there is a discussion
about the potential contagion and/or spillover effects. The contagion is a
phenomenon in which financial crises, or shocks, spread from one country to another
or from one market to another, followed by a significant increase in inter-market
connectivity (Forbes and Rigobon, 2002). In addition to financial contagion, which
is intense and sudden, spillover refers to the transmission of economic and financial
influences between markets, which can be either positive or negative (Elsayed et al.,
2022; Wang et al., 2022). Although there are papers dealing with correlation and
contagion analysis between different markets, potential contagion and spillover
effects between commodities and cryptocurrencies are far less investigated. Namely,
among the research covering contagion effect of cryptocurrencies with other assets
or within cryptocurrency market, most of the research do not include commodities at
all (Matkovskyy and Jalan, 2019; Sajeev and Afjal, 2022; Elsayed et al., 2022;
Almeida et al, 2023; Jana and Sahu, 2023; Vukovi¢ et al., 2025; Albrecht et al., 2025)
or use only gold (Guo et al., 2021; Sestanovié¢ and Luketa, 2025) and neglect the
other commodities. Only Corbet et al. (2020) includes commodities (gold, WTT oil)
and stocks (Shanghai SE, Shenzhen SE, DJIA) in comparison with BTC and
conclude that during crises, cryptocurrencies amplify contagion rather than hedge.
However, they use simple regression and restricted time frame, i.e. only the
beginning of COVID-crisis. Similar follows for Ghorbel and Jeribi (2021) who
compare S&P500, Nasdaq, VIX, oil and gold to 5 cryptocurrencies and conclude that
contagion effect exists in the beginning of COVID-crisis. They use BEKK and DCC-
GARCH models but conclude about contagion using regression analysis. Guo et al.
(2021) take into account BTC, gold, US, EU and China markets and based on
directed acyclic graph, DY spillover index and network topology show that the
contagion effect between Bitcoin and other markets is amplified during the COVID-
crisis, with the US and European markets being the key sources of contagion, while

132 Finance a uvér-Czech Journal of Economics and Finance, 76,2026 no. 2



the European market mediates the effects of the US market. The authors demonstrate
that gold consistently exhibits a contagion effect with Bitcoin and, together with the
US dollar and the bond market, serves as a recipient of contagion during the COVID-
19 shocks. In stable periods, Bitcoin shows potential as hedge and a tool for
diversification, but these characteristics weaken during market turmoil. As the global
economy continues to cope with periods of crisis, it is crucial to further explore and
understand the dynamic relationships between traditional and digital assets. In this
paper, the contagion analysis and spillover effect is examined between currently
strongest cryptocurrencies regarding both the volume and market capitalization -
Bitcoin (BTC) and Ethereum (ETH), and key commodities - gold, silver and Brent
crude oil, in the prolonged COVID-19 and Russian-Ukrainian war period which was
not tested in previous literature. Namely, COVID-19 pandemic caused a more severe
contagion effect and risk transfer than the global financial crisis (Gunay and Can,
2022), while Russian-Ukrainian war additionally disrupted global markets given that
both countries are key players in the energy sector. The imposed sanctions on Russia
further increased uncertainty.

This paper follows the general approach of Forbes and Rigobon (2002) in
detecting contagion. Contagion exists if there is an increase in correlations after an
initial shock. It is operationalized by comparing the difference in the distribution of
conditional correlations, obtained from dynamic conditional correlation (DCC)
multivariate generalized autoregressive conditionally heteroskedastic (MGARCH)
model, in non-COVID and COVID period, using the Kolmogorov-Smirnov (KS) test
as proposed in Boffelli and Urga (2016). Since contagion can be observed in only a
short time-frame after the initial shock, the spillover effects are also tested in the
prolonged period using Diebold-Yilmaz (DY) index. Additionally, the wavelet
coherence analysis extracts the lead-lag relationship in the contagion context. This
paper extends existing knowledge by investigating the interactions between
cryptocurrencies and commodities during protracted and challenging crises, as well
as the contagion and spillover effects. This research contributes to the understanding
the mutual dynamics and market reactions in the midst of crises, which have rarely
been the subject of detailed academic analysis, providing new insights into the
transmission mechanisms of shocks and potential risk mitigation strategies. In
addition to the academic contribution, the results may provide practical applications
for investors, regulatory institutions, and professionals engaged in portfolio
management and risk mitigation strategies in volatile economic periods.

The remainder of the paper is organized as follows. Section 2 provides the
theoretical concept of the research with literature review; Section 3 describes
methodology. Section 4 presents empirical findings with discussion of the results.
Finally, conclusions and directions for future research are provided in Section 5.
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2. Theoretical Concept

Gold and silver, as precious metals, hold distinctive positions within the
global economy. Beyond their roles as traded commodities, both metals are regarded
as monetary assets due to their historical characteristics that make them similar to
money: they serve as stores of value, media of exchange, and units of value (Tully
and Lucey, 2007). Owing to their status as safe haven assets, both metals are
frequently preferred by investors during economic crises, geopolitical tensions, or
US dollar weakness. Their prices often follow similar trends and exhibit a high
positive correlation. However, Kayal and Maheswaran (2021) point out that silver is
prone to greater price fluctuations compared to gold, due to lower market liquidity
and its price sensitivity. Namely, silver is primarily driven by industrial demand,
while gold has a stronger monetary component. Additionally, gold prices tend to be
less risky, meaning that gold is a more stable choice for long-term investment. Silver
is more suitable for speculative investment, especially due to higher but riskier
returns.

Oil is a key product for both the energy sector and industrial production. Its
value goes far beyond its basic use as fuel; oil is a raw material for the production.
In addition, the oil market is strongly linked to global economic and geopolitical
factors, including inflation, interest rates, industrial production and political tensions
(Hammoudeh and Yuan, 2008). There are two main types of crude oil that dominate
the global market: Brent and WTI (West Texas Intermediate). Brent crude oil,
extracted from the North Sea, is used as a global benchmark for oil prices and is often
used in the European and Asian regions. WTI is extracted in the USA and is
predominantly used as a standard in the US market. Brent crude oil shows greater
sensitivity to negative shocks where political tensions or economic crises result in
larger volatility spikes than positive news (Cheong, 2009). The impact of oil on other
commodities is significant. Yildirim et al. (2020) explain that there is a transmission
of volatility from the oil to precious metals markets, especially gold and silver, with
the effect being stronger during periods of global financial crises. They even find
evidence of a two-way volatility spillover effect between oil and silver. Oil, unlike
gold, does not have safe haven status, but its price strongly influences inflation and
monetary policy. Increases in oil prices usually increase inflation expectations, which
leads to tightening monetary policy and rising interest rates, which in turn affects
prices of metals and other commodities (Hammoudeh and Yuan, 2008).

Cryptocurrencies, on the other hand, function with sufficient market
acceptance and trust in their value, i.e. cryptocurrencies depend on a network of
participants who confirm transactions without the need for mutual trust. Trust is
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based on the algorithm and network that defines the blockchain (Hérdle et al., 2020).
This paper focuses on two leading cryptocurrencies - Bitcoin and Ethereum. Bitcoin,
launched in 2009, laid the foundation for the entire cryptocurrency market. Its appeal
often lies in its role as "digital gold", acting as a store of value. The limited supply
of 21 million coins helps preserve its value over time. Bitcoin uses a proof-of-work
consensus mechanism, where miners solve complex mathematical problems to
confirm transactions and add new blocks. Although energy-intensive, this process is
crucial for network security. Ethereum, launched in 2015, represents a more
advanced form of blockchain technology, enabling the development of decentralized
applications and smart contracts. Ethereum functions as a platform for automated
contracts that are executed without intermediaries. Smart contracts allow for more
secure and efficient transactions, which allowed Ethereum to be widely used in
finance, gaming, decentralized autonomous organizations and positions it as the
foundation of the future decentralized Internet, known as Web3. Ethereum started
with proof-of-work, but with the transition to Ethereum 2.0, it adopted proof-of-
stake, which improved the scalability, security and energy efficiency of the network.
Ethereum block processing time is shorter than Bitcoin, allowing for faster
transactions. Unlimited supply makes Ethereum a key player in the cryptocurrency
world (VanEck, 2024).

Table 1 provides the overview of the studies on the relationship between
cryptocurrencies and traditional financial assets, with an emphasis on commodities
(Com) and contagion (Con). Majority of the papers are dealing with the properties
of cryptocurrencies classifying them as diversifiers, hedges and/or safe havens in
different horizons, investment strategies and with respect to different assets including
some commodities (Bouri et al., 2016; Arneri¢ and Mateljan, 2019; Naeem et al.,
2020; Lavelle et al., 2021; Sajeev and Afjal, 2022; Jarefio et al., 2022; Bhuiyan et al.,
2023; Sestanovi¢ and Luketa, 2025). They reveal diversifying properties for most of
the assets and stable periods, but also hedging (Dyhrberg, 2016) and safe haven for
stocks (Bouri et al., 2016; Arneri¢ and Mateljan, 2019; Aljinovi¢ et al., 2022; Sajeev
and Afjal, 2022) but for certain markets only and in certain periods. Cryptocurrencies
can be a hedge for currencies (Dyhrberg, 2016; Sestanovi¢ and Luketa, 2025) and
for commodities (Naeem et al., 2020; Lavelle et al., 2021) while being safe haven
for metal (Naeem et al., 2020) and USD (Sestanovi¢ and Luketa, 2025).

Among the research covering contagion and/or spillover effect of
cryptocurrencies with other assets or within cryptocurrency market (Matkovskyy and
Jalan, 2019; Corbet et al., 2020; Ghorbel and Jeribi, 2021; Guo et al., 2021; Sajeev
and Afjal. 2022; Gunay and Can, 2022; Elsayed et al., 2022; Almeida et al., 2023;
Jana and Sahu, 2023; Vukovi¢ et al., 2025; Albrecht et al., 2025; Sestanovié¢ and
Luketa, 2025), most of the research do not include commodities at all (Matkovskyy
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and Jalan, 2019; Sajeev and Afjal, 2022; Elsayed et al., 2022; Almeida et al, 2023;
Jana and Sahu, 2023; Vukovi¢ et al., 2025; Albrecht et al., 2025) or use only gold
(Guo et al., 2021; Sestanovié and Luketa, 2025) and neglect the other commodities.
Guo et al. (2021) highlight the role of Bitcoin as a significant factor in the spread of
shocks in international financial markets, specifically between Bitcoin and gold and
US market. Furthermore, Sajeev and Afjal (2022) analyze how Bitcoin affects
volatility in traditional markets, showing a low but significant correlation during
financial shocks. This suggests the possibility that cryptocurrencies act as indirect
catalysts of financial contagion, even if they are not direct sources of contagion.
Ghorbel and Jeribi (2021) identify an increase in the conditional correlation between
cryptocurrencies and market indices at the beginning of the pandemic, confirming
the contagion effect among digital and traditional assets. Jarefio et al. (2022) show
increased interconnectedness and contagion during pandemics, especially when
certain commodities become scarce. Finally, Corbet et al. (2020) warn of the
complex responses of cryptocurrencies during crises, where instead of acting as safe
havens, they can amplify shocks in financial markets, especially when compared to
traditional assets such as gold in the Chinese market. This highlights the importance
of understanding the specific properties of cryptocurrencies in the context of global
financial dynamics.

Table 1 Overview of the Research Covering the Relationship between
Cryptocurrencies and Traditional Assets

Author(s) Assets Period Methods Main Findings Com Con

BTC can be used as a hedge
against stocks in FTSE. BTC
Dyhrberg BTC, FTSE, 19.7.2010- asymmetric  can be used as a hedge against
(2016) usb 22.5.2015 GARCH the USD in the short-term. BTC
possess some of the hedging
abilities as gold.

BTC, world BTC is a poor hedge and is
stock indices, suitable for diversification
Bourietal. bonds, gold, oil, 7.2011- g purposes only. BTC can only R
(2016) USD and 12.2015 e GAREA serve as a strong safe haven *
commodity against weekly extreme down
index movements in Asian stocks.
BTC, gold, BTC is not the new gold. Its
silver, oil, GARCH-type volatility dynamics share some
Klein et al. S&P500, MSCI 1.7.2011- models, aspects with gold and silver, + )
(2018) World, MSCI 31.12.2017 BEKK- however, from a portfolio
Emerging 50 GARCH perspective, BTC does not serve
index as a safe-haven.
BTC, gold, 10- BTC returns are uncorrelated
Smales year note . with other assets and more
(2018) futures, ETF, AVIRAE G e volatile, suggesting weak safe- * )
S&P500 haven properties.
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Arneri¢ &
Matelan  BTC,S&P500 55w o0
(2019) e
BTC,
NASDAQ100,
’g’j;kl‘;f"yy S&P500, 27.4.2015-
(2019) Euronext100, 25.10.2018
FTSE100,
Nikkei225
Hardle et al. ;B('I};C; E-Q;’SOO 1.5.2017-
(2020) gold, VIX 30.6.2019
BTC, ETH,

Naeem et ;;?cuxltr:fe 7.8.2015-
al. (2020) Brecians m’etal 31.7.2019
metal, energy
Shanghai SE,

Corbet et al. BTC, Shenzhen 11.3.2019-
(2020) SE, DJIA, WTI, 10.3.2020

gold
5
Ghorbel &  SYDIOCUIONCIe 4.4 2016
Jeribi (2021) l\iasdaq VI’X 1.4.2020
oil, gold
BTC, CCI30,
US stocks
Lavelle et al. ¢ 1.2015-
bonds, USD,
(2021) commodities 72020
real estate, gold
Guo et al. gl-l(riaurr?arllfgts 11.6.2019-
(2021) ’ 14.4.2020
gold
BTC, ETH,
S&P500,
FTSE100, DAX,
Cocco et al. flﬁ(ﬁéiﬂs 1.7.2019-
(2022) MSCl USb 20.2.2021
gold, oil,
commodity
index

Engel's DCC-
GARCH

regime
switching
skew-normal
model

correlation,
Johansen
cointegration

regression
with dummy
variables,
GARCH

GARCH,
regression

BEKK-
GARCH,
DCC-GARCH,
regression

DCC-GARCH

directed
acyclic graph,
DY spillover
index,
network
topology

regression
with dummy
variables,
DCC-GARCH

Correlation is negative during
periods of high S&P500 volatility.
Cryptocurrencies may act as a
short-term safe haven during
turbulent period

Significant contagion from global
stock indices to BTC. In crises,
investors shift from risky BTC to
safer assets.

Cryptocurrencies show low or no
correlation with traditional assets
in normal times—potential for
portfolio diversification; increase
in positive correlation with gold
during COVID.

Cryptocurrencies can hedge
metals and agricultural
commodities effectively; weaker
hedge for energy commaodities;
BTC can serve as a safe haven
for metals.

During crises, cryptocurrencies
amplify contagion rather than
hedge; in stable times, they offer
diversification benefits.

Weaker links with traditional
assets; before COVID, BTC and
gold hedge US risk; in early
2020, correlations
rise—contagion; digital assets
are not safe havens in COVID
but aid diversification in stable
periods.

BTC acts as a diversifier. BTC is
a strong hedge for the aggregate
cryptocurrency market and
commodities.

Contagion amplified during
COVID. US and EU markets are
main sources of BTC contagion;
EU transmits US shocks. Gold
always has contagion effect with
BTC; gold, USD and bonds are
the contagion receivers of BTC.
BTC is a hedge/diversifier in
stable times but not in crises.

BTC shows partial safe-haven
signs against some indices
during pandemic, but weaker
than gold.
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Aljinovic et
al. (2022)

Sajeev &
Afjal (2022)

Jarefio et al.
(2022)

Gunay &
Can (2022)

Elsayed et
al. (2022)

Jana &
Sahu (2023)

Bhuiyan et
al. (2023)

Zeinedini et
al. (2024)

Vukovic et
al. (2025)
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CRIX, oil, gold,
REIT, bonds,
S&P500, SSEC

BTC, NIFTY50,
FTSE100,
SSEC, DJI

BTC, ETH,
Tether,
Cardano,
platinum, gold,
natural gas,
corn, cotton

DJI, FTSE,
FTMIB, IBEX,
SSEC, XU100

BTC, LTC,
XRP, foreign
currency
markets

BTC, ETH,
Binance Coin,
Dogecoin,
World,
Emerging
Markets, US
Stock, and
Indian Stock

BTC, gold,
FTSE 100,
FTSE
Indonesia,
FTSE Bursa
Malaysia KLCI,
Nikkei 225,
Nifty 50, S&P
500

oil, gold, BTC

BTC, ETH,
XRP, Japan,
Brazil, UK,
Philippines,
Germany, India
stock markets

1.10.2017-
1.10.2020

3.3.2017-
28.5.2021

7.3.2018-
26.3.2021

7.5.2005-
6.10.2020

1.1.2015-
31.12.2019

4.1.2017-
28.2.2023

9.1.2014-
31.5.2022

1.2022-
4.2024

2011-2022
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DCC-
MGARCH

diagonal
BEKK and
DCC
MGARCH

NARDL

DCC-GARCH,
DY spillover

DY spillover,
Bayesian
graphical
SVAR

Wavelet
coherence
and ADCC-
GARCH

wavelet
coherence,
DCC-GARCH

VAR, wavelet
coherence

Bayesian
global VAR

Cryptocurrencies are diversifiers
for oil, US bonds, and SSEC.
They are weak hedge for real
estate and S&P500. Correlation
with gold increased during crisis.

Correlation between BTC and
stock markets is low—BTC may
hedge risks in traditional
markets. Negative shocks play a
greater role in the magnitude of
contagion than positive shocks.

Strongest crypto—commodity
linkages during pandemic.
Significant correlations for gold,
platinum, corn, cotton; natural
gas insignificant. Tether can be
diversifying asset or a safe
haven, in certain scenarios and
in investment strategies

US dominated the global equity
markets in terms of contagion
effects and volatility spillovers
during the GFC and COVID.

Causal relationship among
cryptocurrencies; except for the
Chinese Yuan; traditional
currencies do not significantly
affect cryptocurrencies; there is
a limited hedging capability of
cryptocurrencies against the
exchange rate

Cryptocurrencies act as a hedge
against stock market risk during
normal times; hedging capacity
disappears during market
turmoil; in a crisis,
cryptocurrencies can amplify
downside risks and transmit
market spillovers rather than be
a safe haven

BTC provides diversification
opportunities with all market
indices under the normal market
condition; diversification
between BTC and gold for short-
term investments; diversification
is conditional for both BTC and
gold under crises events.

gold has a positive impact on
BTC; predominantly short-term;
oil has negative and insignificant
effect on BTC prices in the short
term.

Shocks originating in the
cryptocurrency market adversely
affect stock markets, bonds,
currencies and volatility indices;
cryptocurrencies act as



mediators of short-term negative
shocks

Sentiment functions as a robust

BTC, ETH, L o

Binance Coin !eadlng |nd|cat<_)r within an
Albrecht et XRP Cardaml) 5.2018- wavelet investment horizon of one week } +
al. (2025) : ’2.2023 coherence to one month, during which

Crypto Fear&

Greed Index notable shifts in trading volume

are observed

BTC and ETH had a weak
negative correlation with USD
before the pandemic (hedge);
& - during the pandemic they are
Sesiens EUC, L 1.1.2019- DCC-GARCH, safe havens; they are hedge for
& Luketa gold, USD, . el
1.1.2023 DY EUR and diversifiers for GBP.
(2025) EUR, GBP h
KS show contagion for
cryptocurrencies and GBP; DY
show volatility spillover from
cryptocurrencies to currencies

Source: the authors

Notes: Com-commodities, Con-contagion; BTC-Bitcoin; ETH-Ethereum, XRP-Ripple; LTC-Litecoin; CRIX-
Cryptocurrency index; CCI30-Cryptocurrency index; REIT- Real Estate Investment Trust Total Market Index;
SSEC-Shanghai SE Composite Index, USD-United States Dollar; VAR-Vector autoregression; DCC-dynamic
conditional correlation; BEKK-Baba—Engle—Kraft—Kroner; GARCH-Generalized autoregressive conditional
heteroscedasticity; DY-Diebold Yilmaz index; KS-Kolmogorov-Smirnov test; DJI-Dow Jones Industrial Average;
FTSE-Financial Times Stock Exchange Index, IBEX-indice Bursatil Espafiol; FTMIB-FTSE Milano Indice di
Borsa; NARDL-Nonlinear Autoregressive Distributed Lag

The literature on contagion across gold, cryptocurrencies, and other assets is
diverse and continually evolving. As financial markets develop, the understanding
of dynamics between commodities and cryptocurrencies becomes clearer. Their
interaction, especially during crises, offers valuable insights for investors,
policymakers, and other market participants.

3. Methodology

This paper uses the DCC-MGARCH model, where the equations for mean
and variance of GARCH(1,1) model are:

Tie = Wie + Ei¢
(D

— 2
hit = @i + @iy - Ejt—q + Bix * hit—1

In the first line of eq. (1) rj; is n X m matrix of returns for asseti = 1,...,m
in period t = 1, ..., n, u;; is the conditional matrix of means of 7;;, and ¢;; is matrix
of residuals defined as ¢; = uit\/h_it, where u;|l;;—;~N(0,H,) is i.i.d. process
following standard normal distribution. [;;_ is information set availableup tot — 1
for asset i. In the second line of eq. (1) h;; is conditional variance of the i-th asset
(i =1,..,m), aj is the constant term (a;, > 0) in the conditional variance dynamic,
a;j; 1s the parameter showing the short-term persistence of the ARCH effect, and
parameter f3;; represents GARCH effect or the long-term persistence of volatility.
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Both a;; and f;; should be positive, while 0 < a;; + ;; < 1 (Engle and Sheppard,
2001; Boffelli and Urga, 2016). Therefore, m univariate GARCH(1,1) models are
estimated in the first step, whose parameters are important for the estimation of
matrix D,. Next step is the decomposition of the conditional variance-covariance
matrices of returns H,:

H, = DR.D, (@)

In eq. (2) D; = diag (\/E ) e \/h_mt) is diagonal matrix of conditional
standard deviations, calculated from univariate GARCH(1,1) models from the first
step. R, is the time-varying conditional correlation matrix. Engel’s (2002) model is
applied, where the elements of matrix R, are obtained as:

1 1 1 1 1 1
R, = diag(q, 2, 4,2, - Gnle ) Qediag (@, 2 Gy 20 o Qi) )

where Q; is obtained as:

Qo= (1- 24— 1)Q + 1, =4 (%) +1,Q¢-q @)
t—1

t—1

In eq. (4), 4; and A, are non-negative, time invariant parameters that satisfy
the stationarity condition (A; + A, < 1) and where Q is the sample counterpart of the
unconditional correlation matrix (Boffelli and Urga, 2016). Maximum likelihood
estimation method is applied to estimate the parameters.

After applying DCC-MGARCH model, KS test compares correlation
distributions before and during the crisis. It calculates the largest absolute difference
D in eq. (5) between the empirical distribution functions of two samples, i.e. Fy 5,
and F, ,,, which correspond to pre-crisis and crisis periods. Sup is the supremum. KS
test for contagion consists of 3 separate tests. The first line of eq. (5) tests the null
hypothesis that the distribution of the first group (pre-crisis period) is not
stochastically dominated by the second group (crisis period). The second line
represents the opposite, i.e. that the distribution of the crisis is not stochastically
dominated by the pre-crisis period. The final test is the combined KS test, whose null
hypothesis assumes the equality of the first and second distribution. In order to accept
the hypothesis of contagion, the distribution of the crisis stochastically dominates
pre-crisis period. This assumes the acceptance of the null hypothesis in the second
line, which simultaneously rejects the null hypothesis of the first and third line of the
test (Boffelli and Urga, 2016; Greene and Wellner, 2015).
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Since contagion can be tested only for shorter periods after the initial shock,
it does not provide information on the spillover between the markets. Diebold—
Yilmaz (DY, Diebold and Yilmaz, 2012) spillover index is used to quantify the
mutual influence between different assets in the context of volatility or shock
spillovers. First, a VAR (vector autoregression) model of the volatilities of the assets
is estimated. Volatilities are obtained from the DCC-MGARCH model. This is
followed by a variance decomposition that determines what proportion of the
forecast error variance of a given variable can be attributed to shocks from another
variable. The generalized variance decomposition approach ensures that the results
do not depend on the ordering of variables. The total spillover index is obtained as
the percentage of the forecast error variance, while directional spillovers measure
spillovers “to” and “from” specific assets. Finally, the net spillover, i.e. the difference
between spillovers “to” and “from”, can be either positive or negative. A positive net
index suggests that the asset is a net transmitter of shocks, whereas a negative value
indicates that the asset is a net receiver of shocks. The rolling (dynamic) spillover
index is calculated by repeatedly estimating the same VAR model within a moving
window of 250 observations, corresponding to one year. After the spillover index is
computed, using forecast error variance decompositions, the model slides the
window forward by 1 observation and repeats. The result is a time series of spillover
values, showing how connectedness evolves over time.

Both DCC-MGARCH model and KS test have limitations since they cannot
distinguish which variable is leading/lagging in their relationship. Therefore, wavelet
coherence analysis (WCA) is examined. It decomposes the time series into a function
of two variables: time and frequency. Morlet model is used to analyze the frequency
structure of bivariate time series (Rosch and Schmidbauer, 2018). The correlation
between time series in a two-dimensional diagram helps to identify and interpret
patterns of movement. The diagram specifies the degree of correlation between two
variables at different periods and with different frequencies, providing an alternative
representation of the variability and relationship structure of specific stochastic
processes (Bhuiyan et al., 2023; Albrecht et al., 2025).
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4. Empirical Results

Based on daily closing prices for commodities (gold, silver and Brent crude
oil) and cryptocurrencies (Bitcoin and Ethereum), from 2.1.2019 to 5.5.2023, log-
returns are calculated. Missing values for weekends, holidays and non-working days
are excluded from the analysis as Klein et al. (2018) concluded that weekend price
interpolation for introduces bias to model estimation. The observed period is divided
into three parts: pre-crisis period, i.e. before the declaration of the COVID-19
pandemic, from 2.1.2019 to 28.2.2020; COVID-19 crisis period, from the declaration
of the pandemic on 2.3.2020 until 1.3.2021 to capture the short-term influences of
pandemic; from 2.3.2021 to the declaration of the end of the pandemic on 5.5.2023.
Figure 1 shows the prices and returns for commodities and cryptocurrencies. Each
asset, except gold, shows significant price drop in the beginning of 2020, followed
by an increase in prices. While gold and silver share the same pattern, the
cryptocurrencies themselves show also similar movement, although Ethereum
follows slightly smaller price range. On the other hand, oil shows different pattern.
At the beginning of March 2022, the price of Brent oil recorded a sudden jump above
120 USD per barrel, which was primarily a consequence of the start of the war in
Ukraine. The conflict caused significant disruptions in global oil supplies, given that
Russia and Ukraine are key players in the energy sector, and the imposition of
sanctions on Russia further increased uncertainty. On the other hand, in late 2020
and early 2021, the price of Bitcoin recorded explosive growth, which can be
attributed to increased interest from institutional investors and monetary stimulus
during the pandemic. In the context of growing tensions between Russia and Ukraine,
some investors turned to Bitcoin as an alternative asset, especially in countries
affected by economic and political uncertainties. However, in late 2022, there was a
sharp decline caused by the bankruptcy of FTX, which was then one of the leading
cryptocurrency exchanges. This event caused a chain reaction and a decline in prices
in the broader cryptocurrency market. After this significant shock, the
cryptocurrency market experienced a recovery in early 2023. In general, larger
volatilities correspond to periods of significant price fluctuations, such as the
beginning of the pandemic in 2020, the beginning of 2022, when the war in Ukraine
begins, and 2023, marked by rising inflation and tightening of monetary policy
through interest rate increases.

Cryptocurrencies have significantly higher mean return compared to
commodities (Table 2). Specifically, the highest mean return is recorded for
Ethereum (0.24%), while for Bitcoin it is slightly lower. Silver and gold have similar
mean returns around 0.04%. The lowest mean return is recorded for oil.
Cryptocurrencies also have higher standard deviations, indicating higher volatility
and higher risk. There is negative skewness and positive kurtosis, which indicates
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thicker tails of the distributions, i.e. greater chances for extremes, whether positive
or negative. The null hypothesis of SK test (skewness and kurtosis), that the time
series of returns are normally distributed, for all variables can be rejected. The null
hypothesis of the augmented Dickey-Fuller test (ADF) assumes that the time series
is not stationary. For all variables, the null hypothesis can be rejected at significance
level of 1%. The null hypothesis of Portmanteau test for white noise - WN implies
that there is no autocorrelation. At lag 1, autocorrelation is recorded for oil. Finally,
for almost all observed variables, the null hypothesis of Lagrange Multiplier (LM)
test for ARCH effect can be rejected at lags 1, 5 and 10, confirming the need to model
conditional heteroscedasticity and justifying the use of a DCC-MGARCH model.
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Figure 1 Prices and Returns for Commodities and Cryptocurrencies from 2.1.2019
to 5.5.2023
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Source: The authors in STATA 19.5; Business Insider.

Gold: https://markets.businessinsider.com/commodities/gold-price,

Qil: https://markets.businessinsider.com/commodities/oil-price ?type=brent,
Silver. https://markets.businessinsider.com/commaodities/silver-price,

CoinMarketCap. Bitcoin (BTC): https://coinmarketcap.com/currencies/bitcoin/,
Ethereum (ETH): https://coinmarketcap.com/currencies/ethereum/ Accessed: 20.05.2024.
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Table 2 Descriptive Statistics of Returns for All Assets over the Entire Observed
Period, with Normality, Stationarity, Independence and Homoscedasticity Tests

Gold Brent oil Silver Bitcoin Ethereum
1089 1089 1089 1089 1089

u 0.00041 0.00031 0.00046 0.00189 0.00248

o 0.00975 0.02985 0.02190 0.04505 0.05814
Min -0.05822 -0.27976 -0.14301 -0.46472 -0.55071
Max 0.04402 0.19077 0.10085 0.20304 0.34352
as -0.39632 -1.39115 -0.26548 -1.09261 -0.93452
ay 6.09595 20.48474 7.65072 16.22707 14.18457
SK 111.26** 476.30*** 132.71*** 383.70** 332.92**
ADF -23.898*** -23.340*** -22.767** -23.045*** -22.726***

WN(1) 1.0426 8.0233*** 1.5780 1.5651 3.4492*

LM(1) 8.802*** 58.620*** 14.593*** 1.669 4.267*
LM(5) 53.641** 70.121** 127.159*** 19.868*** 23.974**
LM(10) 75.332*** 118.606*** 149.291*** 20.562** 25.745%**

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01; a3 — excess skewness; a, — kurtosis; SK — skewness and kurtosis
test; ADF - augmented Dickey-Fuller test; WN(1) - Portmanteau test for white noise at lag 1; LM (1,5,10) -
Lagrange Multiplier test at lags 1, 5 and 10

Source: The authors in STATA 19.5

Table 3 Descriptive Statistics of Returns in Different Periods

Gold Brent oil Silver Bitcoin Ethereum
2.1.2019-28.2.2020
N 291 291 291 291 291
u 0.00073 -0.00027 0.00015 0.00288 0.00182
4 0.00795 0.02056 0.01551 0.04161 0.04813
Min -0.03680 -0.07577 -0.08286 -0.15902 -0.18429
Max 0.02915 0.13639 0.04729 0.20304 0.17430
as -0.26579 0.27423 -0.63326 0.41081 -0.03381
a, 5.01096 10.41383 6.03486 7.22213 5.71981
2.3.2020-1.3.2021
N 252 252 252 252 252
u 0.00033 0.00098 0.00196 0.00692 0.00766
g 0.01270 0.04482 0.03122 0.05395 0.07127
Min -0.05822 -0.27976 -0.14301 -0.46472 -0.55071
Max 0.04402 0.19077 0.10085 0.19152 0.34352
as -0.62876 -1.57603 -0.48481 -2.49871 -1.53849
a, 6.08162 15.79895 6.30831 26.29373 19.34251
2.3.2021-5.5.2023
N 546 546 546 546 546
u 0.00028 0.00031 -0.00006 -0.00095 0.00044
o 0.00904 0.02507 0.01947 0.04206 0.05621
Min -0.02911 -0.14108 -0.06208 -0.25722 -0.32371
Max 0.03565 0.08428 0.08797 0.18119 0.24705
as -0.06897 -0.72191 0.15856 -0.57298 -0.69371
a, 3.96748 6.04405 4.25984 7.18156 8.21581

Source: The authors in STATA 19.5
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Table 3 shows descriptive statistics divided into three sub-periods. Mean
return for gold decreased in crisis, while other assets exhibited higher mean returns,
reflecting the changes in investor behavior due to increased uncertainty. Oil recorded
a shift from negative to positive mean returns. Volatility increased during the crisis
period. In the period from 2.3.2021 to 5.5.2023, characterized by the end of
pandemic, but also by bankruptcy of FTX and Russian invasion of Ukraine, all mean
returns decreased, while silver and Bitcoin even decreased to negative values. All
volatilities are higher than in pre-COVID period, but lower than in COVID-crisis.

Table 4 Correlations of Returns between Assets in Different Periods

Gold Brent oil Silver Bitcoin Ethereum
2.1.2019-5.5.2023
Gold 1
Brent oil 0.0981*** 1
Silver 0.6961*** 0.1520** 1
Bitcoin 0.1786*** 0.1271*** 0.2171** 1
Ethereum 0.1604*** 0.1387*** 0.2031*** 0.8279*** 1
2.1.2019-28.2.2020
Gold 1
Brent oil -0.0672 1
Silver 0.6850*** 0.0201 1
Bitcoin 0.2016*** -0.0139 0.1306** 1
Ethereum 0.1140* 0.0786 0.0646 0.8041*** 1
2.3.2020-1.3.2021
Gold 1
Brent oil 0.0479 1
Silver 0.7161*** 0.1717*** 1
Bitcoin 0.2734*** 0.2555*** 0.2938** 1
Ethereum 0.2572** 0.2288*** 0.2735*** 0.8330*** 1
2.3.2021-5.5.2023
Gold 1
Brent oil 0.2225*** 1
Silver 0.6875*** 0.1717*** 1
Bitcoin 0.0905** 0.0586 0.1832*** 1
Ethereum 0.1006** 0.0714* 0.1878** 0.8371** 1

Notes: * p < 0.1, ** p <0.05, ***p <0.01
Source: The authors in STATA 19.5

All Pearson’s’ correlation coefficients (Table 4) between assets in the entire
period are statistically significant at the 1% and positive, but the intensity varies.
Gold has the highest correlation with silver, and it has a weak correlation with
cryptocurrencies and oil. Oil has weak correlation with other assets. Silver has the
highest correlation with cryptocurrencies compared to other commodities. Among
cryptocurrencies, Bitcoin and Ethereum have strong correlation with each other.
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However, significant differences are noticeable in the correlations between the
observed variables in the three periods. In the pre-crisis period, most of the
correlation coefficients are not statistically significant and generally have lower
values, while the opposite can be concluded for crisis, where much higher
correlations can be detected. In the period from 2.3.2021 to 5.5.2023 all correlations
are lower compared to crisis period, but also compared to pre-crisis period. Only
higher positive correlation can be seen in gold-oil and Bitcoin-Ethereum pairs.

DCC-MGARCH(1,1) model of Engle (2002), with normal distribution is
estimated for all assets together using the two-step maximum likelihood estimation
procedure. The results of the estimated parameters with standard model diagnostics
are given in Table 5. In each model the parameters a; and (; from the variance
equation of GARCH(1,1) are statistically significant at 1% significance level. All
parameters (0, o4, ;) are positive. A; and A, from the matrix of conditional
correlations are positive and satisfy the stationarity condition (A; + 2, < 1) in all
models. Also, 0 < ay + 3; < 1 is valid for all models. The results of LM test show
that at all lags there is no ARCH effect, i.e. the standardized residuals are
homoscedastic. WN implies that there is no autocorrelation.

Table 5 DCC-MGARCH(1,1) Model with Normal Distribution with Estimated
Parameters and Standard Model Diagnostics

Gold Brent oil Silver Bitcoin Ethereum
u 0.0001 0.0011° 0.00003 -0.0003 0.0002
(0.0002) (0.0006) (0.0005) (0.0011) (0.0015)
ar 0.1203™ 0.1693™ 0.1002" 0.1479™ 0.1163™
(0.0222) (0.0277) (0.0308) (0.0269) (0.0183)
B1 0.7956™ 0.7947" 0.8255™ 0.7416™ 0.8314™
(0.0374) (0.0310) (0.0772) (0.0387) (0.0224)
Qo 8.51E-6" 0.00003*** -0.0003 0.0002™ 0.0002™
(2.29E-6) (9.96E-6) (0.00002) (0.00005) (0.00004)
LM(1) 2.558 1.204 0.001 1.000 0.457
LM(5) 5.362 3.094 1.064 7.647 5.374
LM(10) 5.998 4.409 3.448 9.483 8.681
WN(1) 0.5713 3.7174* 1.1631 0.8103 0.2744
WN(5) 3.6186 9.1166 2.1029 3.8610 2.4846
A 0.0134™ A2 0.9769™ LL 13315.67
(0.0016) (0.0027) N 1089

Notes: * p < 0.1, ** p <0.05, *** p <0.01
Source: The authors in STATA 19.5
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Long-term  conditional  correlations between commodities and
cryptocurrencies are statistically significant, except for Brent oil (Table 6, Figure 2).
All correlations are weak and positive, indicating that commodity returns move in
the same direction as cryptocurrencies’. Gold shows a similar level of correlation
with both cryptocurrencies: with Bitcoin a slightly higher value of 0.176, and with
Ethereum 0.173. Silver shows the highest correlation with cryptocurrencies, while
oil has low and insignificant correlation. To observe in more detail these conditional
correlations, descriptive statistics of the dynamic conditional correlations, divided
into three sub-periods is given in Table 7. In COVID-crisis, various changes in the
relationships between commodities and cryptocurrencies appear, i.e. there is an
increase in both mean correlations and standard deviations for all pairs of assets.
Given the relatively low correlations between oil and cryptocurrencies in the whole
sample as well as in pre-crisis, both Bitcoin and Ethereum can be considered a hedge
for oil, as in Lavelle et al. (2021), Bouri et al. (2016), Dyhrberg (2016) and Naecem
et al. (2020), in which Bitcoin represents a hedge for traditional assets in certain
situations. For these pairs there are certain periods in non-crisis periods with negative
conditional correlations, confirming hedging opportunities. In other pairs, due to
positive correlations, Bitcoin and Ethereum can only be considered diversifiers. Such
findings agree with empirical studies that confirm the role of Bitcoin as a diversifier
for traditional assets (Aljinovic¢ et al., 2022; Lavelle et al., 2021; Jarefio et al., 2022;
Bouri et al.,, 2016). Higher conditional correlations in COVID-crisis periods,
however, call for attention and further investigation of the possible contagion effect.
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Figure 1 Dynamic Conditional Correlations from DCC-MGARCH(1,1) Model for All

Pairs of Assets
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Table 6 Long-Term Dynamic Conditional Correlation
MGARCH(1,1)

s of Returns from DCC-

Gold Brent oil Silver
Bitcoin 0.1767** 0.0918 0.2493***

(0.0776) (0.0816) (0.0761)
Ethereum 0.1736** 0.0953 0.2205***

(0.0769) (0.0806) (0.0761)

Notes: * p < 0.1, ** p < 0.05, *** p < 0.01. Standard errors in parenthesis.

Source: The authors in STATA 19.5
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Table 7 Descriptive Statistics of Dynamic Conditional Correlations from DCC-
MGARCH(1,1) Model in Different Periods

Gold - Gold - Brent oil - Brent oil - Silver — Silver —

Bitcoin Ethereum Bitcoin Ethereum Bitcoin Ethereum
2.1.2019-28.2.2020
N 291 291 291 291 291 291
u 0.1453 0.1139 0.0060 0.0427 0.1305 0.1073
4 0.0429 0.0427 0.0496 0.0434 0.0397 0.0571
Min 0.0621 0.0269 -0.0750 -0.0549 0.0462 -0.0279
Max 0.2285 0.2029 0.1241 0.1553 0.2315 0.2558
2.3.2020-1.3.2021
N 252 252 252 252 252 252
u 0.2494 0.2271 0.1515 0.1313 0.2618 0.2269
o 0.0638 0.0665 0.0592 0.0611 0.0552 0.0680
Min 0.0898 0.0663 0.0261 -0.0101 0.0931 0.0347
Max 0.3660 0.3484 0.2790 0.2415 0.3539 0.3479
2.3.2021-5.5.2023
N 546 546 546 546 546 546
u 0.1016 0.1202 0.0840 0.0653 0.1647 0.1623
o 0.0906 0.0706 0.0707 0.0625 0.0776 0.0610
Min -0.0905 -0.0641 -0.0608 -0.0601 -0.0192 -0.0137
Max 0.2691 0.2565 0.2349 0.2067 0.3183 0.2687

Source: The authors in STATA 19.5

Table 8 D Values of Kolmogorov-Smirnov Test for Each Pair of Assets

Gold - Gold - Brent oil — Brent oil — Silver — Silver —

Bitcoin Ethereum Bitcoin Ethereum Bitcoin Ethereum
1 0.7022*** 0.6816*** 0.5027** 0.5087*** 0.6398*** 0.5056***
2 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
3 0.7022*** 0.6816*** 0.5027*** 0.5087*** 0.6398*** 0.5056***

Notes: * p < 0.1, ** p <0.05, *** p < 0.01.
Source: The authors in STATA 19.5

Therefore, the KS test is performed to test the difference in the distributions
of conditional correlations in non-crisis and crisis periods (Table 8). The existence
of a contagion effect is evident in all pairs of commodities and cryptocurrencies. For
all pairs, the alternative hypothesis of the KS test, that the distributions of correlations
in the non-crisis and crisis periods are different, is accepted, as well as the null
hypothesis of the second line of the test that the distribution of correlations in the
crisis period is stochastically dominant.
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Figure 2 Kernel Distributions in Non-Crisis (Black) and Crisis (Red) Periods
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Figure 3 shows kernel distributions of the correlations for each pair. It
confirms the findings of the KS test with evident shift in the distributions from non-
crisis to crisis periods. The distributions of crisis period are platykurtic, while the
pre-crisis period distributions are more leptokurtic. The results suggest greater
volatility of correlations in the crisis period, with higher positive values in moments
of more pronounced crisis, while in periods of market stability the correlation values
tend towards zero (see also Figure 2).

Since contagion can be detected after a sudden initial shock, spillover effect
is also tested as it refers to the transmission of economic and financial influences
between markets, which can be either positive or negative. Therefore, for each
variable the DY spillover index is given in Table 9 showing the positive net index
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for Brent oil and cryptocurrencies, suggesting that these assets are net transmitters of
shocks. On the other hand, negative values for gold and silver indicate that these
assets are net receivers of shocks. The dynamic spillover index for all assets in Figure
4 shows how connectedness evolves over time. A substantial surge in spillovers is
observed at the onset of the COVID-19 crisis, which persists throughout the first year
of the pandemic, resulting in lower index values during 2021. Following the outbreak
of the Russian invasion of Ukraine, the index shows another increase — a noticeable
but considerably smaller spike compared to the COVID period.

Table 9 Diebold Yilmaz Spillover Index

To From Net Transmitter
Gold 3.9276 9.7194 -5.7918 FALSE
Brent oil 3.0723 1.2669 1.8054 TRUE
Silver 5.7185 6.3205 -0.5920 FALSE
Bitcoin 11.9071 9.3772 2.5298 TRUE
Ethereum 11.2419 9.1932 2.0486 TRUE

Source: The authors in RStudio

Figure 4 Diebold-Yilmaz Dynamic Spillover Index
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Finally, WCA is given in Figure 5. To answer the question of which variable
is leading and which is lagging, phase differences are plotted within the diagram.
The direction of the arrow reflects the phase differences. Right-pointing arrows (—)
indicate that the variables are in phase (positively correlated). Left-pointing arrows

152 Finance a uvér-Czech Journal of Economics and Finance, 76,2026 no. 2



(«) imply that they are out of phase (negatively correlated). Up-right and down-left
arrows (7, ) reflect that the first variable leads the second variable, while down-
right and up-left arrows (v, N\) indicate that the first variable lags the second variable
(Jana and Sahu, 2023). The vertical right bar of the color scale reflects the strength
of the squared coherence (0-1) between the variables, the left vertical axis shows the
frequency (in days), and the horizontal line below the graph represents the time. Red
indicates that the variables are strongly correlated with each other, while blue
indicates that they are not. Finally, there are three categories of relationships, i.e.,
long- (128-256 days), medium- (64—128 days), and short-term (2—64 days) (Jana and
Sahu, 2023).
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Figure 5 Wavelet Coherence Analysis for All Pairs of Assets
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The tendency for high positive correlations predominantly appears in the
short-term frequency. This confirms the previous findings regarding positive
correlations between commodities and cryptocurrencies; however, it strengthens the
previous findings by revealing which asset was leading and which was lagging in
their relationship in certain periods. In each pair of commodity vs cryptocurrency in
the beginning of 2020, which corresponds to the beginning of COVID-crisis there is
a strong positive correlation in the short-term. Since the arrows point to right-down,
it indicates lagging of the commodities, i.e. the cryptocurrencies are in the COVID-
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crisis acting as catalyst for the spread of shocks between commodities and
cryptocurrencies. A similar conclusion is reached in Corbet et al. (2020) for Chinese
market, in Guo et al. (2021) for energy markets and in Sajeev and Afjal (2022) for
different traditional assets. Correlations with Ethereum are much less pronounced
than the correlations with Bitcoin, although sharing the mutual patterns. In the
periods without an intense shock, there are certain periods of higher correlations
where changes in commodity returns lead the changes in cryptocurrency returns.
Finally, for all pairs of commodities and cryptocurrencies there is again strong
positive correlation between their returns in the beginning of 2022, corresponding to
the beginning of the Russia-Ukrainian war. The relationship between gold and
cryptocurrencies is in this period more pronounced with again gold lagging behind
cryptocurrencies. Additionally, the relationship with oil is in the whole period much
less pronounced, and especially in the war period indicating that during the Russian—
Ukrainian war, cryptocurrencies and Brent oil were influenced by different economic
mechanisms: oil by real supply shocks, Bitcoin by financial sentiment and liquidity,
leading to a temporary breakdown in their co-movement (Zeinedini et al., 2024).
Changes in correlations before and during the crisis indicate the dynamic
nature of the relationship between commodities and cryptocurrencies, which can be
linked to market turmoil and investor adjustments during the pandemic and other
geopolitical and economic events. Bitcoin and Ethereum show increased correlation
with gold and silver during the crisis. This confirms their role as diversifiers, while
also suggesting that cryptocurrencies are not safe havens in the classical sense.
However, their relative independence from energy commodities implies that they can
act as a hedge for this type of assets. Such findings complement previous studies,
which emphasize the role of cryptocurrencies as diversifiers and occasional hedges,
while at the same time suggesting that cryptocurrencies are not safe havens like gold
(Bouri et al., 2016; Naeem et al., 2020; Aljinovi¢ et al., 2022; Lavelle et al., 2021).
Furthermore, the contagion effect is found for all pairs. These findings are consistent
with works such as Ghorbel and Jeribi (2021), which highlight the increase in
conditional correlation between digital and traditional assets during crises, implying
the possibility of shock transmission. The results indicating the presence of contagion
can be linked to the findings of Jarefio et al. (2022) and Sajeev and Afjal (2022),
which confirm the increased correlation between cryptocurrencies and commodities
during crisis. Finally, Brent oil and cryptocurrencies are confirmed to be net
transmitters of shocks, similar to Guo et al. (2021), which highlighted Bitcoin as a
catalyst for the spread of shocks between energy markets and cryptocurrencies.
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5. Conclusions

Commodities, such as gold, silver, and oil, are considered as stable and
reliable forms of investment due to their historical role in hedging against inflation
and market risks. In contrast, cryptocurrencies are a new asset class that offer high
returns but also high risk. A key question arises: can cryptocurrencies act as a hedge
or even a safe haven in crisis, or do they act as catalysts that spread shocks to other
markets? This paper focuses on the transmission of shocks between commodities and
cryptocurrencies. The research uses daily returns for Bitcoin, Ethereum, gold, silver
and Brent oil, covering the period 2.1.2019-5.5.2023. DCC-MGARCH methodology
estimates dynamic conditional correlations between assets, while the KS test
analyzes differences in correlation distributions between the non-crisis and crisis
periods. The results show that there is an increase in the correlation during crises
with all asset pairs, which indicates a dynamic relationship that changes depending
on market conditions. On the other hand, oil did not show significant changes in its
correlations with cryptocurrencies. No negative correlations were recorded among
these assets in crisis, which means that none of them meets the criteria for a safe
haven. Instead, cryptocurrencies show the diversifier role. Cryptocurrencies, despite
their high volatility, can act as hedge for specific commodities such as oil in non-
crisis, as well as with gold and silver in post-COVID and war periods where periods
of negative correlations can be observed. KS tests showed significant differences in
the distributions of correlations for all pairs, indicating contagion effect. DY
spillover index confirms cryptocurrencies as well as oil as net transmitters of shocks.
WCA confirms the DCC-MGARCH results while concluding that in periods of
turmoil cryptocurrencies act as catalysts of financial contagion, although not being
direct sources of contagion. This research contributes to a better understanding of the
interrelationships between cryptocurrencies and commodities, specifically in the
context of COVID-crisis. Further research could cover a wider range of assets and
longer periods. Nevertheless, these findings provide a significant contribution to
understanding the adaptive roles of cryptocurrencies in various market conditions
and their potential for portfolio diversification.
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