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Abstract

We investigate fat tails and network interconnections of crude oil, gold, stock, and cryptocurrency using seven Bayesian
vector heterogeneous autoregression fashions. In this paper, we incorporate parameter uncertainty by using Bayesian VAR
models for estimation. To make rational investment decisions, we decompose a network of financial assets and commodity
prices into various time horizons to obtain essential insight and knowledge. During the short, medium, and long run, this
paper differentiates dynamically between network interlinkages between these markets. We found some noteworthy results in
our study. In the first place, network interlinkages exhibit remarkable differences over time. Interlinkages between networks
are increased in the short term, medium term, and long term due to transient events occurring in markets during the study
period. As a result of the ongoing COVID-19 epidemic, the long-term ties within the system are significantly impacted.
Additionally, based on net directional linkages, each market’s role shifts (from sending to receiving shock and vice versa)
before the pre-COVID-19 pandemic course, whereas they remain persistent during COVID-19. Observations of short- and
medium-term trends reveal that three markets, namely, crude oil, gold, and stock, receive shocks, which are transmitted to
these markets by the cryptocurrency market. In terms of long-horizon measures, the results indicate that the gold and cryp-
tocurrency markets persist as shock transmitters. Our findings are critical since policymakers can also design appropriate
policies to reduce the vulnerabilities of such markets and prevent risk spread and instability.

Keywords Bayesian vector heterogeneous autoregressions - Network interlinkages - Crude oil, Gold, Stock and
cryptocurrency - COVID-19
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Introduction

During the first days of December 2019, Wuhan, China,
witnessed the discovery of a virus and disease called coro-
navirus 19 (COVID-19). Nonetheless, the World Health
Organization officially confirmed it for the first time on
December 31, 2019. The COVID-19 crisis was declared a
global health emergency by the WHO only 1 month after
the Emergency Committee met for the second time. As of
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11 March 2020, the World Health Organization labeled the
virus as a worldwide epidemic due to its spread throughout
the globe. Panic and fear gripped the global economy. A 40%
drop in the Dow Jones Industrial Average Index has occurred
since February 19, 2020, to March 23, 2020, from 29.348 to
18.591. In the same period, S&P 500 (which dropped from
3.386 to 2.237) and indices around the world displayed a
similar pattern. A 36% drop in Bitcoin’s price occurred in
March 2020, and crude oil prices dropped to a depressed
price shortly afterward. Financial catastrophes have not been
this bad since the 2008 global financial meltdown, according
to many academics.

Energy efficiency and pollution emission reduction are
considered integral components of sustainable growth in
modern economies (Arslan et al. 2022; Azam et al. 2023;
Jackman and Moore 2021; Khan et al. 2022). Based on a
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database of thirty International Energy Agency (IEA) mem-
bers, Khan and Hou (2021a, b) demonstrate the critical role
that environmental sustainability plays in pollution reduc-
tion. Furthermore, environmental sustainability is one of the
most important factors in the pursuit of sustainable develop-
ment goals (Hassan et al. 2022; Khan et al. 2022). Energy
security and environmental sustainability play a critical role
in alleviating poverty (Taghizadeh-Hesary et al. 2022) and
sustainable economic growth (Arslan et al. 2022). In the lit-
erature, there is a vast number of empirical studies on deter-
minants of environmental sustainability, such as the role of
green innovation (Zakari et al. 2022a); abundant energy
resources (Zakari et al. 2022c¢) and alternative and nuclear
energy (Khan et al. 2022); economic growth, international
trade, and clean energy investment (Lyu et al. 2021); indus-
trial value-added, capital formation, urbanization, popula-
tion growth, and biocapacity (Yang and Khan 2021); the
energy consumption and tourism growth (Khan and Hou
2021a); or the partnership between countries (Tawiah et al.
2021). A recent study has highlighted the importance of sus-
tainable consumption and production of oil in promoting
environmental performance (Hassan and Rousseliere 2022;
Zakari et al. 2022b). While both determinants and influences
of environmental sustainability have attracted much atten-
tion from scholars, many aspects of environmental sustain-
ability still require further investigation.

It is extremely vital to comprehend how the value of an
underlying asset may fluctuate during an uncertain situa-
tion. Behavior of investors, speculative trading decisions,
and hedging decisions can be influenced by these predic-
tions about future financial conditions and asset market
movements. Uncertain and unpredictable events such as
COVID-19 are believed to affect the crude oil, stock, digi-
tal currency, and gold market significantly, elevating their
volatility. Furthermore, the interlinkages of different mar-
kets across time horizons can also be useful for forecasting
and portfolio management as agents make decisions based
on various time horizons (Barunik et al. 2016). Speculation
or hedging purposes might require information pertaining
to daily or weekly time frames, for example. In contrast,
a risk-averse investor seeking a long-term investment goal
will seek information over several months or years in order
to guide their investment decisions.

In the literature, metric measures of the relationship,
for example, correlation and copulas, as well as Gauss-
ian approximation approach are used to model relation-
ships; nonetheless, neither of these models can adequately
represent financial or asset price data, which frequently
exhibit scattering and extreme values (Creal et al. 2011).
Metrics based on correlation, such as those proposed by
Engle and Kelly (2012), follow a pairwise linear model,
whereas Acharya et al. (2017) argue that the latter models
are Gaussian and linear. As an anomaly, Calabrese and
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Osmetti (2019) developed a model of copulas that quanti-
fies non-linear tail dependency and accounts for systemic
risk. The study as a whole, however, only examines rela-
tionships between variables across horizons, as Ellington
(2021) pointed out. To fill the gaps, this study applies
Bayesian vector heterogeneous autoregressive (BVHAR)
methods that are responsible for heteroskedasticity,
sequential correlation, and fat tails. The interrelationships
among volatility in multiple markets, including crude oil,
stock, gold, and cryptocurrency, are what concerns us.
The ultimate objective of this study is to determine what
effect alternative error covariance patterns have on the
markets’ returns relationships. The alternative purpose
of the study is to examine how such network interlink-
ages can be applied by decision-makers. As in Ellington
(2021), we employ approaches that are suitable for sto-
chastic volatility, serial dependence, and non-Gaussian
errors to derive network interconnections from gradient
decompositions in order to obtain only forward-looking
networks. By interpreting the variance decomposition
matrix of forecast error as an adjacency matrix, Barunik
and Kfehlik (2018) propose a new paradigm for analyzing
financial relationships derived from vector autoregressions
(VARs). As in Chan (2020), Corsi’s (2009) heterogeneous
autoregression (HAR) is extended to embedded Bayesian
multivariate situations using adjustable error covariance
structures. As a result of our empirical approach, network
interlinkages derived from VAR models are altered, allow-
ing us to correct the persistence inherent in financial and
asset price time series.

Four different strands of literature are cited in our paper.
In the first place, our work relates to those that utilize diverse
approaches to measure network interlinkages. Accordingly,
some researchers, including Barunik et al. (2020), rely upon
VAR models. On the other hand, others such as Diebold
and Yilmaz (2009) and Engle et al. (2012) refer to volatility
spillovers as network interactions. Specifically, Barbaglia
et al. (2020) utilize VARs with Gaussian error distributions.
By using elastic, non-Gaussian error distributions in solely
prospective networks, the study contributes to understanding
persistence in financial time series.

It is also related to empirical investigations on links
between networks and spillovers of volatility (Diebold and
Yilmaz 2014; Engle et al. 2012). Alternatively, most studies
analyze ex-post volatility, which measures network interlink-
ages using historical data. As stated by Barunik et al. (2020),
focusing on forward-looking volatility metrics provides
more insight. The reason for this is that they provide a more
accurate forecast of future price movements for the underly-
ing asset. In previous studies, Gaussian error distributions
have been abstracted within Diebold and Yilmaz (2014). The
only exception is the study of Barbaglia et al. (2020), which
employs ex-post volatility. Comparatively to the basic model
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in the literature, the model with an error covariance structure
that incorporates the concept of serial dependence, fat tails,
and stochastic variability is examined in this paper.

The last strand involves the quantification of systemic
risk and the contagions of financial asset and commodity
price volatility, such as Barigozzi et al. (2021) and Yang
and Zhou (2017). As a rule, this research estimates volatility
spillover or systemic risk across time, which leads to a cou-
ple of problems. Firstly, non-parametric estimates impede
analysis and complicate calculations since random sampling
must be used. Secondly, because these time-domain met-
rics are averaged over multiple frequencies, they may fail
to reveal any frequency-specific relationships. The paper
is aimed at expanding the literature in the following ways:
(i) we incorporate parameter uncertainty by using Bayesian
VAR models for estimation; and (ii) to make rational invest-
ment decisions, we decompose a network of financial assets
and commodity prices into various time horizons to obtain
essential insight and knowledge.

To the best of our knowledge, we are the first to examine
the impact of the global uncertainty on the short-run and
long-run interconnectedness of volatility of crude oil (WTI),
gold, and the stock market. The effects the global uncertainty
on the financial market have recently captured academics’
attention in published works. In this article, we are con-
cerned about the impact of the global uncertainty on the
volatility of the oil, gold, and cryptocurrency market. Early
in March 2020, geopolitical tensions between Saudi Arabia
and Russia contributed to price shocks (Corbet Larkin et al.
2020), which might be reflected by the risk component of
oil price shocks (Akramc 2020). Our research focuses on
the effect of the Ukraine-Russia conflict shocks on the oil
industry in the context of the interrelated oil, commodities,
and financial markets.

Second, we adopt BVAR to distinguish dynamically
between network interlinkages between these markets in the
short, medium, and long run. We use this empirical method
owing to its many benefits. In particular, this pragmatic
approach does not diminish our observation. In addition,
the existence of an outlier does not significantly alter our
findings; however, our method gives a superior response to
parameter changes. The most crucial aspect of our technique
is calculating the net pairwise connectivity, which identi-
fies transmission pathways between these commodities and
financial markets.

The remaining sections of the study will be shown as the
following structure. The Literature review section provides
further information about the interlinkages among these
markets. Summary statistics and data will be the focus of
the Data and methodology section, which presents the meth-
odology. In the Results section, we analyze the research find-
ings, while the Conclusion and policy implications section
summarizes the findings.

Literature review

Khan and Hou (2021a) assert that economic growth is
often exchanged for environmental sustainability. The
quality of the environment is adversely affected by eco-
nomic development (Khan, Hou, Le, et al. 2021). Khan,
Hou, Irfan, Zakari, and Le et al. (2021) demonstrate that
there is a strong positive correlation between energy con-
sumption and economic growth, both in the short run
and the long run. An analysis of the impacts of natural
resources, energy consumption, and certain economic and
social factors on environmental quality is presented by
Khan, Hou, and Le (2021). New evidence on the asso-
ciation between energy intensity, financial development,
and ecological sustainability has been found recently in
Asia—Pacific Economic Cooperation countries by Khan
et al. (2022) and in OECD countries by Khan, Zakari,
Ahmad, et al. (2022). Despite the fact that previous stud-
ies have examined both causes and influences of envi-
ronmental sustainability, they have not fully accounted
for the attendants of ecological sustainability. Likewise,
there are channels through which the effects of environ-
mental sustainability or other factors on the environment
can be expressed or mitigated. The most recent studies
have focused more on the interconnection between differ-
ent markets to explain the source of volatility in a typical
market (Adekoya et al. 2022; Antonakakis et al. 2022; Asai
et al. 2020; Chatziantoniou et al. 2022; Ha et al., 2022;
Le 2022).

Research on linkages among markets, financial assets,
and goods on the same market is growing increasingly
popular, as indicated in the literature. As a result, based
on previous research, Corbet et al. (2019) concluded that
cryptocurrencies are valued as tangible financial assets,
regardless of the likelihood of illegal usage and the pres-
ence of poor or unskilled trading platforms. Also, Kyriazis
(2019) examined previous research results on cryptocur-
rency market fluctuations and spillover effects. Intercon-
nections between the top five digital currencies were
analyzed using directional copula dependence by Hyun
et al. (2019). Models of GARCH and Bayesian stochastic
volatility were utilized by Kim et al. (2021) to examine the
connections between different cryptocurrencies as well as
to provide evidence of those.

Several previous studies have explored the relationships
among various markets as well. Klein et al. (2018) inves-
tigated the temporal correlation of gold and Bitcoin based
on BEKK-GARCH. The relationship cryptocurrency has
with financial assets such as Gold Bullion LBM, S&P US
Treasury bond, and the Standard & Poor 500 Composite
Index is also examined by Aslanidis et al. (2019). Based
on the VARMA-DCC-GJR-GARCH methodology, Guesmi
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et al. (2019) show that investing in cryptocurrencies can
provide investors with additional diversification and hedg-
ing opportunities. Cryptocurrencies were also examined as
hedges or diversifiers in other empirical studies. Different
times and assets are associated with the cryptocurrency
market, which determines the function of cryptocurren-
cies in hedge and diversification strategies. In light of this,
Selmi et al. (2018) assessed the effectiveness of gold and
BTC in specific market scenarios as hedges or diversifiers.
Thus, Bitcoin has become a protection net for downturns in
economics and politics. Bitcoin is considered the new gold
by Klein et al. (2018). Accordingly, Guesmi et al. (2019)
suggest that Bitcoin may lower risks if it is introduced
only to three investment types: stocks, gold, and oil. For
the purpose of differentiating between gold price shocks
and crude oil price shocks, Canh et al. (2019) examined
whether cryptocurrencies would dominate the market with
the largest capitalization. Their findings revealed little cor-
relation to economic variables, limiting financial investors'
diversification. As Bouri et al. (2017) argue, Bitcoin is an
effective way to protect against uncertainty, even though
unpredictability may harm Bitcoin’s profitability. In an
economic downturn, Bouri et al. (2018) considered Bit-
coin as a viable tool for diversification. Besides precious
metals, Kurka (2019) identified no evidence that digital
currency is linked to other traditional assets. A subsequent
claim by Smales (2019) is that Bitcoin returns are irrel-
evant to those of commodities and financial assets. He also
stated that Bitcoin’s market stability is crucial to consider-
ing cryptocurrencies a safe haven. In regards to hedging
oil-related risks, Das et al. (2020) found that Bitcoin does
not offer any advantages over gold, commodities, or the
U.S. dollar. Fundamentals and core risks of oil risks as
well as market conditions strongly determine this type of
hedging capability. In bullish and bearish market condi-
tions, Symitsi and Chalvatzis (2019) demonstrate how Bit-
coin positively influences the diversification of portfolios.

A key aspect of financial and economic disruptions is the
interaction and response between cryptocurrencies and vari-
ous assets (such as crude oil) (Charfeddine and Kahia 2019).
Investments in cryptocurrencies can be managed more effec-
tively with cryptocurrency assets. Even though the use of
cryptocurrencies as hedging tools may not be successful, the
potential for them to serve as diversifiers is worth consider-
ing, according to the study. According to Jareno et al. (2020),
Bitcoin appears to be valuable in uncertain economic times
because of the gold-Bitcoin connection. It was investigated
in Hussain and Dogan’s (2021) study how cryptocurrency
might be implemented as a hedge and a shelter in the event
of adverse market events. Although gold has a more stable
diversity than Bitcoin, both Bitcoin and gold’s performance
swings when it comes to hedging or safe haven (Sharif et al.
2020). Lastly, Rehman and Vo (2020) show that precious
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metals may be a more significant long-term diversification
option than copper in the short run.

There has been an increase in recognition of crypto-
currency as a form of asset that can be employed for both
defensive and diversifying purposes. Consequently, extreme
conditions, for example, those caused by medical emergen-
cies, are more sought after. An analysis of portfolio perfor-
mance containing financial instruments (like equities and
bonds), a digital asset, and precious metals is undertaken
by Gonzélez et al. (2021). Because of this, while cryptocur-
rencies are capable of managing the risk and uncertainty
associated with diversifying portfolios, few of them have
proved to be effective in more extreme scenarios. Although
gold remained stable, it was ineffective at limiting risk dur-
ing the COVID-19 economic recession. As a final point,
investors can diversify their portfolios by investing in cryp-
tocurrencies despite the lower returns they offer. According
to Shahzad et al. (2021), there were significant crypto-spill-
overs caused by the COVID-19 epidemic, under moderate or
high volatility assumptions. Due to the lack of volatility in
cryptocurrencies or experiencing significant volatility in the
prior period of COVID-19, Yousaf and Ali (2020) suggest
that investors can make the most of their time by analyzing
three primary cryptocurrencies simultaneously. In contrast
to the time of COVID-19, the pairings between cryptocur-
rencies now have more robust connections. Thus, hedging
efficacy increased during COVID-19, demonstrating cryp-
tocurrency’s usefulness as a hedging tool, diversifier, and
risk reducer. COVID-19’s influence on cryptocurrencies’
risk and uncertainty is also explored in Igbal et al. (2021).
Researchers discovered that COVID-19 and digital currency
returns show an asymmetric relationship. Furthermore, they
found that cryptocurrencies such as Bitcoin can be utilized
as a hedging mechanism during periods of economic uncer-
tainty as a way to mitigate COVID-19's negative impacts. As
Yarovaya et al. (2021) point out, it is determined by either
bearish or bullish capacity on the day of the market. Despite
this, COVID-19 did not improve the phenomenon of herd-
ing in Bitcoin markets. In addition, Yarovaya et al. (2021)
found that the comparison of some features of COVID-19
with those of previous crises led to recommendations for
study topics in the future. In 2020, Corbet, Hou, and col-
leagues demonstrated how cryptocurrency could be used to
diversify while serving as a powerful investment shelter in
the case of a pandemic. The researchers concluded that these
assets are perceived to be amplification devices as opposed
to safeguards or refuges against financial and economic vola-
tility. In Conlon and McGee’s (2020) view, the S&P 500 and
Bitcoin have both declined, making Bitcoin an unattractive
and doubtful investment during market downturns.

Interlinkages between networks have also been studied
during uncertain times such as COVID-19. In the COVID-
19 epidemic, Umar and Gubareva (2021) investigated the
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relationship between returns and fluctuations of three lead-
ing monetary units: the pound, the euro, and the yuan. The
pattern was more obvious during early waves, but minor
variations were seen in the subsequent waves (Umar et al.,
2021). As a result of wavelet coherence analysis, Karamti
and Belhassine (2021) examined and incorporated financial
contagion into pandemic fear regarding U.S. stock markets
and global markets during pandemics. There was a positive
correlation among Bitcoin prices and the US COVID-19 fear
index in the cryptocurrency market. The following wave,
however, saw the fear index influence the Bitcoin market,
as stated by Karamti and Belhassine (2021).

Cryptocurrencies and other asset types were evaluated
using a variety of approaches in a previous study. VAR
methods were applied by Conlon and McGee (2020), while
VAR-GARCH methods were used by Symitsi and Chalvatzis
(2019). Also selected are a number of BEKK models. Klein
et al. (2018) and Tu and Xue (2019) used BEKK-GARCH
models, while Katsiampa (2019) used bivariate diagonal
BEKK models. GARCH-MIDAS had been considered by
many academics (Walther et al. 2019). Even with a large
amount of study data, wavelet-based models have gained
popularity (Sharif et al., 2020). There are also several quan-
tile approaches that are considered, including the cross-
spectral quantile approach (Rehman and Vo, 2020) and
the regression-based quantile model (Jarefio et al. 2020).
The use of ARDL (Ciaian et al. 2018) and NARDL (Bouri
et al. 2018; Demir et al. 2021) models in conjunction with
GARCH by Corbet et al. (2019) and stochastic models with
multiple factors (Shi et al., 2020) has recently been reported.
DCC models have been used by different scholars in this
study, including Kumarasinghe and Athambawa (2020)
and Charfeddine et al. (2020), as well as DCC-MGARCH
simulations, such as Canh et al. (2019), and VARMA-DCC-
GARCH methods, such as Guesmi et al. (2019), whereas
Koutmos (2018) adapted Diebold and Yilmaz’s (2012)
method and followed it. As a result of the combination of a
parameter-variable vector autoregression (TVP-VAR) con-
nectivity method with joint spillover analysis proposed by
Balcilar et al. a key objective of the research is to determine
how volatility shocks produced on one market are transferred
to others (2021). Net pairwise connectivity, which identi-
fies transmission channels between commodity markets
and financial markets, is the most significant benefit of our
approach.

Data and methodology
Sample data

Throughout the paper, we rely on a set of regularly updated
datasets containing prices for gold, crude oil prices, the
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Table 1 Descriptive statistics and correlations of four markets
Panel A: statistical description

Oil Gold SP500 BTC
Mean 3.980 6.261 8.038 9.251
Median 4.054 6.247 7.986 9.119
Standard deviation 0.309 0.161 0.147 0.711
Skewness —3.761 0.171 0.821 0.964
Kurtosis 35.544 1.547 2.714 3.308
Panel B: correlations

Oil Gold SP500 BTC
Oil 1 -0415 0.105 0.124
Gold -0.415 1 0.771 0.684
SP500 0.105 0.771 1 0.877
BTC 0.124 0.684 0.877 1

corresponding index, and the price of the most popular
virtual currency (in our analysis, Bitcoin (BTC) is selected
based on its crypto-market capitalization), S&P 500 index
that is mainly designed to give an indication of equity mar-
kets in the USA. The data is collected from January 1, 2018,
to August 1, 2021. Our attention is mostly paid to the period
marked by the event that COVID-19 pandemic crisis spread
quickly in the globe. The statistical description of and con-
temporaneous correlations for these four prices are displayed
in panels A and B of Table 1, correspondingly. As reported
in panel A, means and medians of these four prices range
from nearly 4.0 to 9.0. Their standard deviations range from
0.3 to 0.7, in which the old and stock markets exhibit the
lowest values, and the cryptocurrency is the most volatile
market. Different from other markets, the oil price has the
negative and greatest skewness. Its kurtosis is significantly
larger than that of different markets. By contrast, the gold
price has the lowest skewness and kurtosis values. As stated
in panel B, the relationship between petroleum and gold is
considerable as well as negative. In contrast, correlations
between other markets are positive, with SP500 and BTC
demonstrating the most considerable correlation.

Ellington (2021) suggested that it is necessary to con-
sider serial dependence and/or heavy tails when we model
linkages among prices of commodity and financial goods.
Table 1 provides the first insights on correlations of four
commodity and financial goods prices. Moreover, these
prices display a high level of persistency kurtosis values.

Estimations from Bayesian vector heterogeneous
autoregressions

In this paper, we follow Ellington (2021) to employ a mixed
fashion of the heterogeneous autoregressive (HAR) approach
initially developed by Corsi (2009) coupled with Bayesian
estimation developed by Chan (2020). This approach is best
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suited to our needs due to the following reasons. First, while
this method significantly reduces computation time, the per-
sistence inherent in price levels is captured appropriately.
Second, by using the proposed method, the Kronecker struc-
tures can be imposed to model serially dependent error terms
and non-Gaussian, heteroskedastic, which better consider
parameter and uncertainty based on the empirical database.
Specifically, let X be an nXx 1 vector of variables that is
monitored over s=1, ..., S time scales. The HAR (VHAR)
description can be expressed as follows:

Xy =ag+ A X_ + AsX(_1)-s) T A X(s_1)—22) Vs

where a is a vector of constants, and A’s are n X n coeffi-
cient matrices, which respectively illustrate autocorrelated
relationships each day, every week, and every month. The
lagged vectors of X are X(;_ |,y = i Zf:l X,_; that consists
of three price components in the short, medium, and long
runs.

For simplicity, the VHAR model can be written as a
VAR(22) with no constraints imposed on any autoregres-
sive matrix. Hence, the VAR(3) structure can be presented
as follows:

3
X, =co+ ) CX, i+,
=1

where ¢ is a vector including constants terms, and C;, i={1,
5,22}, are nXn coefficient matrices, which this paper refers
to as the first, fifth, and twenty-second lags of X, corre-
spondingly. Now let Z; = (I,X;_I,X;_S,X_;_ZZ) be a kx1
vector of a constant and lags with k=14 np. The reduced
form is given as

X=zc+V (1)

where C (Cy, C,,Cs,Cy,) is of dimension kxn and the
dimensions of matrices X, Z, and V are respectively TXn,
Txk, and Txn. The nXn covariance matrix of the VAR
model is X. More specifically, V is vec(V) ~ N0, 2 ® 1)
where vec(V) includes the columns of V and I that repre-
sents T-dimensional identity matrix; the Kronecker product
is captured by ®.

It is worth noting that we can obtain the covariance
structures at cross-sections and serials of X individually by
replacing I with a Tx T covariance matrix ®@. To be spe-
cific, X captures the cross-sectional analysis of covariance
and @ reflects the sequential variance structure. Therefore,
we write

vec(V) ~ N0, X Q D) 2)

We can select distinct covariance structures for @ in
models (1) and (2). In this regard, seven fashions with
various covariance structures are employed in our paper,
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comprising (i) a Bayesian VHAR with innovations follow-
ing a t-distribution (BVHAR-¢) as in Chiu et al. (2017);
(i) a Bayesian VAR with a common stochastic volatility
component (BVHAR-CSV) as in Mumtaz and Theodor-
idis (2018); (iii) a Bayesian VHAR with MA(1) errors
(BVHAR-MA(1)) as in Dimitrakopoulos and Kolossiatis
(2020); (iv) a Bayesian VHAR with t-errors and a com-
mon stochastic volatility component (BVHAR-t-CSV) as
in Ellington (2021); (v) a Bayesian VHAR with MA(1)
errors following a ¢-distribution (BVHAR-£-MA(1)) as
in Ellington (2021); (vi) a Bayesian VHAR with MA(1)
errors and a common stochastic volatility component
(BVHAR-CSV-MAC(1)) as in Ellington (2021); and (vii)
a Bayesian VHAR with MA(1) errors following a z-dis-
tribution and a common stochastic volatility component
(BVHAR-#-CSV-MAC(1)) as in Ellington (2021). We follow
Chan (2020) and Ellington (2021) to employ model priors
for all parameters. We utilize a 252-day rolling window to
estimate these seven model fashions.

Tracking network interlinkages in VHARs

By determining the variance of forecast error variance
decomposition matrix, Barunik and Krehlik (2018) devised
network measures from VAR models. Then, Pesaran and
Shin (1998) developed these measures by using general-
ized forecast error variance decompositions (GFEVDs).
Time series are assumed to be uncorrelated, meaning that
@ = I;. Rather than that, these measures are modified for
a more general structure on @ in this paper. For a matrix
A,(A);, presents the jth row and kth column. (B); presents
the full jth row of B, and XB presents all elements added
together in A, since we can write X, as C(L)X, = v, with
cCL=10,-C,L, -+ — Cpr] being an n X n matrix lag-
polynomial. We also assume that the base of the VAR
polynomial do not lie inside the unit circle to achieve the
MA(o0) representation, X, = O(L)v,, where C(L)=[G)(L)]_1.
In some exercises, we assume that the errors have an
MA(1) representation, with v, =€, + ye,_;, €, ~ N(0, X).
Therefore, we can indicate that var (vy) = (1 + ®)X, where
we define X = cX, with ¢ =(1 + ©%). With our setup, the
covariance matrix of the forecast error conditional on
information at time s — 1 can be presented as follows:

0
Ty=) ©,%6,.
q=0

Forecast error covariance matrix based on shocks
occurring now and in the future to the jth equations can
be defined by using the conditional forecast error, which
can be written as follows:
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Y
Gﬁ(Q) = Z 0, [VS+Q—q - [E(VS+Q—q|Vk,S+Q—q]'
q=0

And if we assume a normal distribution, we have

Q
Q)= Y, O Vrromg = 5 (£) Viwroms)-
q=0

The covariance matrix is written as

Q
ro=Y 0,560 —ak,jZ@ () (2 )k@)’q
q=0

The unscaled Q-step ahead prediction error variance of
the jth variable in relation to the change in the kth variable is

Boie = (T =Th) =57 2 ©,9),,)"

We can obtain a way of expressing the GFEVD as in
Pesaran and Shin (1998):

738 ((08),)

0 Sy
¥, ((aqz@q)‘

JJ

(\I‘Q)j,k =

where 6, = (i)k‘k, 0, denotes the nXn matrix of MA coef-
ficients at lag q. (‘I‘Q)j , represents the contribution of vari-

able k to the forecast error variance of variable j at horizon
Q.! The power spectrum, S (), is incorporated to investi-
gate systems that diverse horlzons form. We denote o as the
frequency component and i = \/—_1 ; then, the spectral den-
sity captures the Fourier transform of the infinite MA
specification:

S@)= )"

We can define the generalized causation spectrum over
frequency components using the above representation
® € [—n, n] and function of weighting to have a spectral
specification of variance decompositions from variable j to
k in X,. We can prove the presence of measures specific to
horizons. We then present the generalized causation spec-
trum and weighting function as follows:

kkl (G)(e_iw))j,kl

(O(c)Z0 () )

JJ

LE[RX,Je = @) ()

2

(f (@) =

! Note that we the lag number used in MA representation to Q=100
horizons. Other values of Q are also considered, such as Q= {150,
200, 2501} for the robustness checks.

(OO (7))
L) = o
L7 (020 (1)) da

2z Ji

and we define the variance decomposition matrix in terms
of its spectral representation given as

(¥, = 5 | D@ do

If we sum all horizons, we can obtain (\FQ)/‘ p

_Afterwards, scaling ¥, such that
(:I‘d)jk = (\I’d)j’k/ >k (‘I’H)j’k delivers the adjacency matrix,
¥, over horizon band d. We define connectiveness at hori-
zond as

D, =100 x ( I¥ Iri¥al
T¥, TV¥,

Equation (3) allows us to capture the forecast error vari-
ance’s contribution stemming from all shocks within the
designed structure, but excluding our own shocks. It implies
a horizon of interest that considers system-wide connectivity.

W, also helps us to derive the direction of interconnec-
tions across horizons. Typically, to and from interlinkages
are presented as follows:

Zk Lk#j lIld)

( @
(%),

3

Dy = 100X ———

et k=j

H

()
Zk:l,k#}( )
ZZ:I,k:j (\I’H>

kj

Dy, = 100% 5)

Equation (4) captures the contribution of asset j to the
variance of other variables at horizon d, while Eq. (5) means
out-degrees. It is clear that asset j’s variance results from
shocks arising in other variables at horizon d. We take the
differentiation between (4) and (5) to calculate the net direc-
tional linkages at horizon d as follows:

NET _
D, =Dy,

~Dyje. (6)

Hence, the positive values mean that variables exchange
shocks, while negative values, if they have sufficient shock
transmission capacity, indicate the variable is the shock
receiver.”

2 We can control $${\widetilde{\Theta }}_{d}$$ further to define
pairwise interlinkage in Eqgs. (4) to (6).
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Table2 Average and median log marginal likelihoods of seven
BVHAR models

Average log mar-
ginal likelihoods

Median log mar-
ginal likelihoods

BHVAR-¢ 802.883 816.235
BHVAR-CSV 1811.079 1880.297
BHVAR-MA(1) 1102.183 1216.235
BHVAR--CSV 1946.983 1935.779
BHVAR--MA(1) 1254.490 1286.274
BHVAR-CSV-MA(1) 1764.482 1807.727
BHVAR--CSV-MA(1) 1929.812 1943.471

Notes: BVHAR denotes the Bayesian Heterogeneous Autoregressive
model. We also denote ¢ as errors resulting from a ¢-distribution, CSV
as an informal term for common volatility, and MA(1) as the remain-
ing value resulting from an MA(1) process. We employ a rolling win-
dow of 252 days in our database from January 1, 2018, to December
31,2021

Results
Model selection

As a start, we will compare six models by averaging and
medianing their log marginal likelihoods as in Chan (2020).
Table 2 presents these statistics. According to Ellington’s
(2021) study, as these statistics increase, the model’s fit is
better. It is important to take into account serial correlation,
stochastic volatility, and heavy tails. According to our find-
ings, network measures derived from BHVAR--CSV-MA(1)
or BHVAR-#-CSV have the most significant values of log
marginal likelihoods. Additionally, it is important to make
comparisons between networks formed from BHVAR-CSV
and BHVAR-CSV-MA(1).?

Network linkages
Time-horizon linkages

In the following analysis, the particular network interlinkages
were obtained from in Eq. (3), in which d refers to short-run
(from 1 day to 1 week), medium run (1 week to 1 month),
and long-term (larger than 1 month) horizons. The one stand-
ard deviation and the posterior median percentile in terms
of specific network interlinkage metrics are shown in Fig. 1.
Network’s short-, medium-, and long-term interlinkages are
displayed in the top, middle, and bottom panels. Three key find-
ings have been identified. In the first place, the long-run inter-
linkages show the most strength, and they gradually increase

3 The results from these models can be provided by authors upon the
request.
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from 2020 to 2021 before gradually declining towards the end
of the sample. As a second point, based on error bands, we
report significant differences between interlinkages that occur
over the short run and those that occur over the long run. This
significant difference emerges during the COVID-19 pandemic
(prior to January 1, 2020). In the third place, January 2019
is the month when there is a peak in short- and medium-run
interlinkages. The trend also declined at the end of 2021, after
experiencing considerable surges within 2021. COVID-19 pan-
demic strains spread through the global economy again at the
start of 2021, with severe consequences for a number of econo-
mies. Consequently, the world economy becomes extremely
volatile during that time. Under uncertain conditions, short- and
medium-term interconnections between markets will probably
become stronger. As a temporary pandemic subsides in 2021,
these interlinkages become weakened slightly.

Specifically, network interconnections exhibit consider-
able differences at different time horizons. Over the short,
medium, and long term, transient market events increase
network interlinkages. Due to a persistent COVID-19 health
crisis, Baumeister et al. (2020) pointed out that long-term
network interlinkages are more prominent.

Net-directional linkages

In the following step, we will study the net-directional connec-
tions between commodity prices and financial goods prices
at different time horizons. Initially, we focus on the short run
and the medium run. Short-run net-directional interlinkages, as
shown in Figs. 2 and 3, are posterior medians and one standard
deviation percentiles. It is noteworthy that the positive (nega-
tive) values of series j indicate its role as a shock transmitter
(receiver). It is important to emphasize a few points here. Since
the start of 2019, crude oil and stocks have acted as shock
receivers from other markets, while gold and cryptocurrencies
act as shock transmitters. Nonetheless, between January 2019
and January 2020, gold and cryptocurrency markets played
a smaller role. As a contrast, crude oil and stock played sig-
nificant roles at the time, but in opposing ways. Specifically
looking at the times when COVID-19 struck the globe, we
find that the oil market, gold market, and equity markets are
shock receivers. These markets are being affected by shocks
transmitted by the cryptocurrency market.

Afterwards, we examine the long-horizon net-directional
linkages shown in Fig. 4. Throughout the study period, both
the stock and cryptocurrency markets demonstrate relatively
similar time dynamics. Pre-COVID-19, their roles changed.
As the year 2020 begins, the stock and cryptocurrency markets
appear continuously as shock receivers and transmitters, corre-
spondingly. It is more probable that petroleum was acting as a
means of transmitting shocks before the COVID-19 pandemic
began in 2020. It has become a shock receiver since that date,
however. In the midst of the illness crisis of COVID-19, gold
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served as a vital shock transmitter. These results support those
of Ren and Lucey (2022), who found a tenuous link between
clean energy and cryptocurrencies, indicating that clean energy
may someday be employed as a hedging and diversification
strategy for cryptocurrencies. The growth of some commod-
ity markets has been noted before in conjunction with various
financial crises (2007-2009), as indicated by Balcilar et al.
(2021) and Zhang and Broadstock (2020).

Robustness check

In order to verify our findings, we take logs of all series and
analyze them as described in the Net-directional linkages
section. Additionally, for some markets, we try to add more
assets (e.g., adding more cryptocurrencies, using other stock
indexes). A few of our results are reported in the Appendix,

|
07/2019

| \ |
07/2020 01/2021 07/2021

| il
01/2020

and the others can be provided upon request in order to save
space. Generally, we find the same conclusions as we did pre-
viously, indicating the conclusions regarding dynamic network
interlinkages are valid and robust.

Conclusion and policy implications

This paper is aimed at exploring fat tails and connections
between four different markets, which include gold, stocks,
crude oil, and digital currency, in a sevenfold Bayesian
vector heterogeneous autoregression model. It differenti-
ates between short-run, medium-run, and longer-run net-
work interlinkages among these markets. In the period from
January 1, 2018, to December 31, 2021, data are collected
daily on petroleum benchmark (WTTI) prices, prices of gold,
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Fig.2 Short-horizon (1 day to Oil price Gold price
1 week) net-directional link- 0.04-
.. . 0.01
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S&P500 indexes, and BTC values. The following two points
deserve special attention. As a first step, it is crucial that the
four markets are interconnected in the long run. Addition-
ally, the pattern of long-run network interlinkages differs
from the pattern of short-run and medium-run interlinkages.
As the COVID-19 pandemic spreads across the globe, these
distinctions become more evident. During uncertain times,
network interlinkages among various types of markets are
also likely to increase in size. Second, market directional
links indicate a shift in roles (from shock transmitter to
shock receiver) before the COVID-19 pandemic, whereas

01/2020

01/2021 01/2019 01/2020 01/2021

these roles persist during the COVID-19 pandemic. The
short- and medium-horizon measures indicate that precious
metals, crude oil, and equity markets are shock receivers,
while the cryptocurrency market transmits shock influences.
Cryptocurrency and gold markets are persistently shock
transmitters, according to long-horizon measures.

Theoretical improvements

In our research, we are the first to offer a unique deep expla-
nation of the interconnectedness between these commodities

Fig. 3 Medium-horizon (1 week Oil price Gold price
to 1 month) net-directional link-
. . 0.02
ages. Notes: positive (negative)
values mean that the considered ok
market plays a role of a trans-
mitter (receiver) of shock -0.02
-0.04 F
-0.06 |
01/2019 01/2020 01/2021 01/2019 01/2020 01/2021
S&P 500 Bitcoin price
0.02} 0.2p )
4
oF 0.15 | K
I
-0.02
-0.04
-0.06 |
-0.08
-0.1
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and financial and energy markets, specifically in chaotic
events like the COVID-19 epidemic in the short-, medium-,
and long-run. Using the special method, the short-, medium-,
and long-run pairwise connectedness estimate spread chan-
nels between various markets. We contribute crucial infor-
mation and warnings about the spread of uncertain occur-
rences and policies for regulators and investors.

Practical applications

Findings from our study have important consequences for
financial institutions and government agencies, as well as
practices from the contagions in different markets, as well
as their interconnectedness on the policy front. Policymakers
can also design appropriate policies to reduce the vulnerabil-
ities of such markets and prevent risk spread and instability
if they know the crucial antecedents of contagions among
them, including oil, gold, commodities, and cryptocurren-
cies. Based on our findings, there are strong links between
the four market segments, which emphasizes investor risks
associated with low and high diversification. As a result of
our results, it is becoming increasingly clear that unpre-
dictable events, such as the current COVID-19 outbreak,
are interconnected. It is evident that a sudden change in a
traditional market impacts a network as a whole, suggest-
ing that investors and managers should be more cautious
in managing the investment portfolio, which includes gold,
oil in future contracts, stocks, and cryptocurrency. An early
warning signal would be the contagions of uncertainty and

01/2020

01/2021 01/2019 01/2020 01/2021

risk that should be considered when making an investment
decision. In addition, this paper’s findings can also be use-
ful in enhancing public welfare, which is a direct result of
financialization, oil, cryptocurrency, and gold. The crucial
insights that there are ambiguities and risks in the energy
sector must be applied to finance markets, reversely. Con-
sequently, designing policies to enhance the welfare of a
vulnerable group must take these factors into account.

Limitations and directions for future research

The outcomes of the research still have three limitations. Prior
to all else, it is important to highlight that we cannot find any
general principle or pattern that applies to all cases on how
risk occurrences impact total, net, or pairwise spillovers in the
short, medium, and long run. Second, the extent of the spread
is significant from the standpoint of indicator association. If the
spread is large, changes and shocks brought on by other indi-
cators will majorly influence a particular market system. The
government must take a variety of steps to lessen the negative
consequences of outside shocks. Authorities should concen-
trate on frequency-specific danger sources. In the integration
of global regulatory guidelines for different metrics, more
focus should be made on reducing the negative consequences
of long-term fluctuation spread and short-term return spread.
Last but not least, considering that many researchers consider
the spillover influence across several metrics, evaluating the
portfolio advantages of diversity is a substantial extension. In
the meanwhile, we placed it on the back burner.
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Appendix

Fig.5 Horizon specific network
interlinkage measures. Notes:
we plot the posterior median
and one standard deviation
percentiles of the posterior
distribution of horizon specific
network interlinkage measures,
D,. Network interlinkage at
short horizons (from 1 day to

1 week), at medium horizons
(from 1 week to 1 month),

and at long horizons (larger
than 1 month) are respectively
displayed at the top, middle, and
bottom panel
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Fig.6 Short-horizon (1 day to
1 week) net-directional link-
ages. Notes: positive (negative)
values mean that the considered
market plays a role of a trans-
mitter (receiver) of shock

Fig.7 Medium-horizon (1 week
to 1 month) net-directional link-
ages. Notes: positive (negative)
values mean that the considered
market plays a role of a trans-
mitter (receiver) of shock
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Fig.8 Long-horizon (greater
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