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economy heightened risk transmission across markets. Moreover, we show that Bitcoin,
Ethereum, Chevron, ConocoPhilips, Apple, and Microsoft are net volatility transmit-
ters, while Tether, BNB, Exxon Mobil, Nextera Energy, Alphabet, and Amazon are net
receivers Our results suggest that short-term volatility spillovers outweigh medium-
and long-term spillovers, and that investors should be more concerned about short-
term repercussions because they do not have enough time to act quickly to protect
themselves from market risks when the US market is affected. Furthermore, in contrast
to short-term dynamics, longer term patterns display superior hedging efficiency. The
net-pairwise directional spillovers show that Alphabet and Amazon are the highest
shock transmitters to other companies. The findings in this study have implications

for both investors and policymakers.
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Introduction

Global markets face significant risks from volatility spillovers, an increasingly important
concern for firms, countries, and global financial stability for several reasons. Financial
market expansion and interconnection present new economic challenges, and acceler-
ating globalization makes financial markets more interconnected, fostering volatility
spillovers. This increases the likelihood that risk will spread rapidly from a particular
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region to other markets and countries (Cabrales et al. 2017), which can lead to a global
recession or crisis. The 2007 global financial crisis and 2009 European debt crisis showed
that a strong global economy requires thorough risk monitoring and management; still,
COVID-19 posed an unusual threat as the global economy froze (Zhou et al. 2022), caus-
ing significant losses. It is important to examine the effects of this unusual situation on
volatility spillover.

The term “volatility spillover” describes the extent and magnitude of risk transmission
from one market to other markets (Scherer and Cho 2003; Kang et al. 2017). Volatility
movements are interpreted as irregular fluctuations (Karolyi 2003). Recently, volatility
spillovers have increased because of connections between financial markets, especially
when influenced by external shocks. Understanding volatility spillovers is important
for various reasons, as it helps to hedge risks, optimize financial portfolios, understand
market efficiency, and anticipate potential market disruptions, thus guiding investors’
responses (Mensi et al. 2017). The impact of spillover among markets can change due to
significant policy changes and events (Wang and Guo, 2018). For example, the US sub-
prime mortgage crisis that precipitated the 2008 financial crisis affected stock markets
globally, to varying degrees (Oygur and Unal 2017). The COVID-19 pandemic also sig-
nificantly impacted financial markets, resulting in simultaneous price declines and other
effects for financial assets and commodities (Fang et al. 2022). The pandemic influenced
financial market spillovers in new ways; for example, Fernandes et al. (2022) argue the
pandemic increased the spillover effect between cryptocurrencies and traditional finan-
cial markets.

The impact of the COVID-19 pandemic led to extreme, albeit sometimes brief eco-
nomic downturns during lockdowns, resulting in pronounced fluctuations and sub-
stantial losses. The pandemic affected economic fundamentals, damaging demand and
supply. The emergence of cryptocurrencies as a unique financial asset class offers an
outstanding opportunity to explore uncharted aspects of volatility spillover associated
with them. While cryptocurrencies offer numerous advantages they also involve risks,
primarily due to their substantial volatility (Guesmi et al. 2019). Separately, the energy
and technology sectors play pivotal roles in the global economy. Energy is fundamental
to production and consumption processes, exerting a substantial impact on a country’s
GDP and economic growth (Gangopadhyay and Das 2022). Additionally, technology
drives a significant share of the global economy, enhancing competitiveness and eco-
nomic well-being through innovation. Companies and services leverage technology to
develop products, reduce costs, and increase profits. However, the energy and tech sec-
tors were severely impacted by the COVID-19 pandemic, due to large fluctuations in oil
prices that in turn influenced companies’ profits and cash flows (Tuna and Tuna 2022).
Pandemic-induced restrictions on the transportation, aviation, and maritime sectors
reduced demand for energy commodities, affecting commodity futures markets (Zhou
et al. 2022). In 2020, total energy commodity consumption decreased by 7.5%, including
an 11.4% decline in oil consumption (Vaz 2022).

The pandemic also presented risks and threats to the technology sector with adverse
financial consequences. Shutdowns reduced purchases from certain technological com-
panies and cancelled conferences and meetings that typically generate new business
opportunities. As a result, these companies incurred losses estimated at USD 1 billion
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(Market Data Forecast 2020). A significant percentage of technology companies suffered
substantial financial losses due to decreased product sales during lockdowns (Al-Skhnini
2022). However, the pandemic had a positive effect on some tech companies; those that
offer products and programs related to online education and remote work flourished
during this period. Our findings indicate that the effects of unconditional shocks on con-
ditional covariance matrices during the COVID-19 period are significantly greater than
those during the pre-pandemic period. The impact of the epidemic increased uncer-
tainty in both economic and financial systems, amplifying the influence of unconditional
shocks.

Cryptocurrencies are contentious and may involve significant risks and the possibility
of catastrophic losses, but they have sparked considerable interest. With the intercon-
nectedness of financial markets increasing, cross-regional and cross-market contagion
has become a key focus of research. Moreover, there is a close relationship between cryp-
tocurrencies and the energy and technology sectors for various reasons; thus, it is critical
to understand spillovers among these markets. For example, renewable energy depends
on technological progress, and investing in technological advancement to make the best
use of available energy resources is increasingly important. Technology companies are
working to develop and expand the markets for energy-related products, reinforcing the
link between the two sectors (Zheng et al. 2022). Energy-related commodities are linked
to cryptocurrencies in global markets (Ji et al. 2019), and energy market shocks contrib-
ute significantly to the volatility of cryptocurrencies (Libo et al. 2021). The tech sector
and cryptocurrency as a trading instrument are experiencing global growth. Many com-
panies are showing interest in blockchains and cryptocurrencies, including them in their
business plans, product lines, and investment portfolios (Frankovic et al. 2021).

After the first cryptocurrency emerged in 2009, they began to spread widely (Qiu et al.
2021). By November 9, 2022, the total number of cryptocurrencies had reached 9310
and more than USD 200 billion had been traded (Statista 2022). While the cryptocur-
rency market has developed into a significant financial market, cryptocurrency prices
continue to fluctuate dramatically (Kyriazis et al. 2020). This high volatility could limit
their potential as an alternative to traditional currencies and more knowledge of their
purpose and value is needed (Gandal et al. 2018). The increase in cryptocurrencies’ mar-
ket capitalization and high volatility has led to increased efforts to predict cryptocur-
rency price movements. Our study relies on the concept of spillover to explain financial
market price dynamics before and during the pandemic, showing how positions in cryp-
tocurrency, energy, and technology companies can diversify risk and predict volatility
transfer. We seek to identify which of these assets act as net receivers versus transmit-
ters of risk to help investors manage portfolio risk effectively and improve performance.
Understanding spillover pathways and determining the extent of net spillover contribu-
tions from various commodities can help investors to identify sources of contagion in
their portfolios. Given that prices in commodity and financial markets experience une-
qual upward and downward moves, the concept of an asymmetric spillover index is rel-
evant in assessing spillover dynamics.

We investigate the existence of volatility spillovers and net-pairwise network connect-
edness between cryptocurrencies, energy, and technology companies in the US market
using those with the four highest market capitalizations in each sector. This analysis
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has significant practical value in terms of understanding systemic financial risks and
may serve as a reference for building cross-market portfolios, as investors could use
cryptocurrencies, energy, or technology stocks for portfolio rebalancing when these
spillovers occur. Our study contributes to the literature in several ways. First, we offer
a comprehensive analysis of the interdependence between the four largest cryptocur-
rencies and the four largest energy and technology companies based on their respective
market capitalizations. This novel approach allows us to shed light on the relationships
between these sectors, providing valuable insights in a way that to our knowledge has
not been explored before. To the best of our knowledge, our study is the first of its kind
to incorporate cryptocurrencies and the energy and technology sectors into a single
analysis based on market capitalization. To examine information transmission across
sector markets accurately, we employ the well-established Diebold and Yilmaz (2012)
spillover index, which has been widely used to assess information transmission across
sector markets, unveiling the direction and strength of static spillovers and net contribu-
tors or receivers. However, during periods of financial distress static spillover measures
may obscure crucial information. To address this limitation and account for the insta-
bility arising from structural breaks, we propose a rolling sample approach to examine
the dynamics of the spillover index. Major events can directly impact volatility struc-
tures between strategic commodities and the certain sectors in the US stock market,
making a time-sensitive analysis crucial. To address this need, we use the Barunik and
Krehlik (2018) spillover index, which decomposes aggregate spillovers into short- and
long-term components. This decomposition enables us to capture the effects of various
factors such as investors’ risk appetite, preference formation, and market anticipation.
By employing this innovative index, our study contributes to a deeper understanding of
the underlying dynamics driving spillover effects. By analyzing spillovers across different
frequencies, our time—frequency spillover index offers market participants a global view
of market interconnections, helping them to develop appropriate risk-reducing strate-
gies. This approach enhances the understanding of market dynamics and provides valu-
able insights for informed decision-making by investors and policymakers. This analysis
provides investors with insights into the stock market sectors that exhibit strong rela-
tionships with commodities, providing information about heterogeneity in spillover
effects across different time scales.

Diebold and Yilmaz (2012) propose the spillover index approach to assess the direc-
tion of volatility spillovers across markets. This approach has garnered significant atten-
tion in the existing literature as it both quantifies the magnitude of spillover effects
between markets and shows the direction of volatility spillovers. Barunik and Krehlik
(2018) make a valuable contribution to understanding the relationships among eco-
nomic variables by introducing a novel approach to quantifying their frequency dynam-
ics. We present a comprehensive framework for analyzing the sources of connectedness
between economic variables using spectral representations of variance decomposi-
tions and connectedness measures. Because of the varying strengths and frequencies
at which shocks affect economic variables, the frequency domain is considered a suit-
able framework for assessing the interconnections among these variables. According to
Diebold and Yilmaz (2012), variance decompositions derived by approximations provide
a convenient framework for empirically quantifying interconnectedness. One possible
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approach to quantifying the impact of a shock in one variable on the future uncertainty
of another variable within a system is to establish a natural measure focused on analyz-
ing the frequency of responses to shocks. Specifically, we aim to evaluate the proportion
of uncertainty in a particular variable that can be attributed to shocks of varying persis-
tence levels. We also provide a detailed analysis of how the correlation of the residuals
affects the level of interconnectedness. Our empirical analysis examines the intercon-
nectivity of financial institutions in the US, which serves as a robust indicator of the sys-
temic risk inherent in the financial sector. The data are locally approximated to obtain
a detailed analysis of the time—frequency dynamics of connectedness. From an eco-
nomic standpoint, in periods characterized by frequent interconnectedness stock mar-
kets demonstrate the ability to swiftly and calmly process information. Consequently,
any disturbance affecting a single asset within the system is primarily felt in the short
term. When connectedness occurs at lower frequencies, shocks are more persistent and
are transmitted over longer time intervals. This behavior can be ascribed to changes in
investor expectations, which have a lasting impact on the market. These expectations are
then communicated to adjacent assets within the portfolios.

The remainder of this study is organized as follows: Sect. "Literature review" reviews
the literature on the volatility of cryptocurrencies and energy and technology compa-
nies. Sect. "Data and methodology" presents the data and methodology used in this
study. Sect. "Empirical finding" discusses our findings, and our conclusions are pre-
sented in Sect. 5.

Literature review

Given the growing number of global financial crises, there is increased interest in deter-
mining the extent of their impact, how they spread from one market to another, and
how different market sectors interact. Many studies employ various estimation models
to examine volatility spillover among markets.

The cryptocurrency, energy, and technology sectors are strongly interdependent. Pre-
vious studies examine how cryptocurrency returns affect energy and tech companies;
here we investigate volatility spillovers between them. Few studies have examined vol-
atility spillover and market returns with contagion (Edwards 1998; Edwards; Susmel
2001; Baur 2003). Yilmaz (2010) uses error variance decomposition based on the vec-
tor autoregressive (VAR) technique to investigate the relationship between a market’s
return and volatility spillovers. Volatility spillovers tend to be highly significant during
financial crises. Neaime (2012) investigates the relationship between returns and volatil-
ity in emerging markets using a GARCH model and finds a strong relationship between
returns and volatility. Zeng et al. (2019) examine connectedness in time and frequency
domains to study volatility spillover and returns. They find that volatility spillovers are
significant in the long term and that a US Doller index is the highest transmitter of
short- to long-term return spillovers. Atenga and Mougoué (2021) used a VAR model to
examine return and volatility spillovers. Habibi and Mohammadi (2022) examine return
and volatility spillovers using the model in Diebold and Yilmaz (2012); they show that
return and volatility spillover indexes peaked during the financial crisis, and US market
shocks affected market returns and volatility in the MENA region.
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Due to the global nature of cryptocurrency marketplaces, numerous studies explore
the relationship between volatility and cryptocurrencies, revealing the expected cor-
relation. Most of these studies explore Bitcoin’s volatility and its impact on traditional
financial markets (Koutmos 2018; Katsiampa et al. 2019; Kumar and Anandarao 2019).
Wang and Ngene (2020) use BEKK-GARCH to examine cross-market volatility shocks
and volatility transmissions in the cryptocurrency market. They find that Bitcoin’s
daily shocks and volatility affect other currencies’ conditional volatility faster and less
predictably than other currencies’ conditional volatility affected Bitcoin. Fakhfekh and
Jeribi (2020) investigate the volatility dynamics of cryptocurrency returns using multi-
GARCH models. They confirm that positive shocks increase volatility more than neg-
ative shocks. Fung et al. (2022) used multi-GARCH models to identify evidence of
volatility persistence with harmful leverage effects in the return behavior of cryptocur-
rencies. Al-Shboul et al. (2022) use VAR models to study how cryptocurrencies interact
under different market scenarios, including the COVID-19 pandemic. They found that
total and net connectedness considerably affect market uncertainties; for example, when
the COVID-19 pandemic hit, Litecoin became more popular and had a higher hedge
ratio than Bitcoin. Khalfaoui et al. (2023) investigate the spillover effect of COVID-19
and cryptocurrency on green bond markets using the approaches in Diebold and Yilmaz
(2012) and Ando et al. (2022). They find that bogus news related to COVID-19 was the
highest net shock provider, followed by Bitcoin.

Studies also investigate volatility spillovers between cryptocurrencies and other mar-
kets (Gonzalez et al. 2021; Wang et al. 2022; Yousaf and Yarovaya 2022). Uzonwanne
(2021) studies the effect of volatility spillovers on cryptocurrencies and returns for five
stock markets using a multivariate VARMA-AGARCH model and finds significant vola-
tility and return spillovers between bidirectional and unidirectional markets. At stock
market highs and lows, investors switch between market pairs to obtain the best returns
with the least risk. Thus, market pairs experience spillover returns and volatility. Cao
and Xie (2022) investigate dynamic spillover effects between China’s financial market
and cryptocurrency using time-varying parameter vector autoregressions. Their results
show that China’s financial market has little impact on cryptocurrencies, but cryptocur-
rencies have had a significant impact on cryptocurrencies. Aharon et al. (2023) examine
volatility in the cryptocurrency market with structural breaks. Their results demonstrate
that incorporating structural breaks diminishes volatility persistence and increases
asymmetric volatility for cryptocurrencies. Moreover, ignoring structural breaks has a
negative impact on hedging strategies.

Energy sectors have become commodities markets in recent years on a global scale and
as a powerful financial tool to attract investors (Pham et al. 2022). Sadorsky (2012) and
Zheng et al. (2022) investigate the stock market and volatility spillover impact among
renewable energy, oil, and high-technology markets. Yldrm et al. (2020) use the causal-
ity-in-variance method to investigate return and volatility spillover effects between the
oil and precious metals markets. Corbet et al. (2021) show that volatility spillovers are
transmitted from the oil markets to the precious metals markets, and there is bidirec-
tional volatility between silver and oil prices. Billah et al. (2022) analyze the quintile con-
nectedness of volatility spillovers between the BRIC countries (Brazil, Russia, India, and
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China) and energy commodities. They find that volatilities among energy commodities
and BRIC countries’ stock markets are characterized by unpredictable economic activity,
time-varying characteristics, and crises. The COVID-19 pandemic and global financial
and European debt crises exacerbated spillover effects.

Other studies focus on volatility spillovers between cryptocurrencies and the energy
sector. Symitsi and Chalvatzis (2018) show the effects using Bitcoin and energy and tech-
nology indices. Using an asymmetric multivariate VAR-GARCH model, Cagli and Man-
daci (2023) use the approaches in Diebold and Yilmaz (2012) and Barunik and K#ehlik
(2018) to investigate volatility spillover among cryptocurrency, energy, and precious
metals markets. This finding indicates a low degree of uncertainty in the connectedness
among cryptocurrency and energy commodities and a long-term diversification poten-
tial. Finally, previous studies examine the link between Bitcoin and the energy sector (Ji
et al. 2019; Okorie 2021; Zijian and Qiaoyu 2022; Lu et al. 2022).

Our study focuses on the volatility of cryptocurrencies and significant energy and tech-
nology companies, a topic that lacks precise validation. Among the four most prominent
technology companies in the US, Microsoft is the highest spillover transmitter, showing
the importance of the US tech sector to other markets. Similar to our study, Symitsi and
Chalvatzis (2018) examine volatility spillover among Bitcoin and energy and technology
indexes, while we examine volatility transmission and connectedness networks for indi-
vidual cryptocurrencies and specific US energy and technology companies, selecting the
top four companies with the highest market capitalization for each sector.

Table 1 provides an overview of the literature concerning volatility spillover among
cryptocurrencies, energy, and technology companies. Our study is the first to exam-
ine volatility spillovers among the four largest cryptocurrencies, energy, and technol-
ogy companies in terms of market value, departing from the conventional approach of
analyzing market indexes to represent each sector. This shift in perspective allows us to
more closely examine the dynamics of volatility spillovers within these key components
of financial markets. By focusing on individual companies, we can uncover the underly-
ing mechanisms that drive these spillover effects, thus contributing to a richer under-

standing of financial market behavior.

Data and methodology

Data description

We use daily price data from the Datastream database for the period from November
15, 2017 to October 28, 2022. We chose our start date based on availability of data on
Ethereum and BNB in Datastream. The sample period encompasses notable economic
events, specifically the COVID-19 pandemic and the Ukraine—Russia conflict. To
ensure that our sample accurately reflects the sectors of interest, we use the top four
cryptocurrencies and the top four energy and technology companies in the US market
(Table 2). The most important companies in the US market are identified by their market
capitalization, which influence US stock market returns (Farooq et al. (2022). Bitcoin,
Ethereum, Tether, and BNB represent the cryptocurrency market, the energy compa-
nies in our sample are ExxonMobil, Chevron, ConocoPhillips, and Nextera Energy, and
Apple, Microsoft, Alphabet, and Amazon are from the technology sector. We calculate
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Table 2 Data description of the US Market Based on 2022

Name Code Sector Market Capitalization Source

Bitcoin BTC Cryptocurrency $392.59 Billion Data stream
Ethereum ETH Cryptocurrency $192.46 Billion Data stream
Tether usoT Cryptocurrency $ 69.42 Billion Data stream
BNB BNB Cryptocurrency $ 5251 Billion Data stream
Apple AAPL Technology $ 2475 Trillion Data stream
Microsoft MSFT Technology $ 1.741 Trillion Data stream
Alphabet GOOGL Technology $1.228 Trillion Data stream
Amazon AMZN Technology $ 1.050 Trillion Data stream
Exxon Mobil XOM Energy $465.31 Billion Data stream
Chevron CvX Energy $ 355.70 Billion Data stream
ConocoPhillips COP Energy $162.73 Billion Data stream
Nextera NEE Energy $152.29 Billion Data stream

daily price returns for each one using formula (1) and take use the absolute values to cal-
culate the volatility of the time series.
Py
R, = 100*Ln<‘> (1)
Py

Table 3 presents descriptive statistics along with unit root, and stationarity tests for
the logarithmic returns for these cryptocurrencies and energy, and technology compa-
nies. The means are all positive except for Tether-coin. BNB coin had the highest aver-
age return over the study period. Using standard deviation (SD) as our measure of risk,
BNB is also the riskiest with an SD of 7.25, while Nextera is the least risky with an SD of
1.69. Skewness is negative for all variables except Tether and BNB, and kurtosis is high,
indicating leptokurtic distributions. We use the Jarque—Bera test for normality in the
distributions of the series and the results reject the normality distribution hypotheses at
the 1% level for every return series.

In addition, we conduct unit root and KPSS tests because the method in Diebold and
Yilmaz (2012) is related to VAR and stationarity. The unit root test is significant for all
series at the level of 1%; therefore, there is no unit root problem. The results of the KPSS
test are not significant, indicating that all of the return series are stationary.

Methodology

Our empirical analysis is divided into three stages. First, following Diebold and Yilmaz
(2012) we examine time—domain volatility spillovers among the leading cryptocurren-
cies and US energy, and technology companies. Second, based on Barunik and Krehlik
(2018) we investigate how these markets are linked in the frequency domain. Third, we
use network connectedness methods to generate a connectedness map that offers vital
details about transmitters and receivers, and the degree of connectivity among them.
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The Diebold and Yilmaz (2012) approach

Diebold and Yilmaz (2012) measure total and directional volatility spillovers using a gen-
eralized VAR approach based on forecast-error variance decompositions that are inde-
pendent of the order in which the variables are presented. Diebold and Yilmaz (2009) use
a VAR-approximating model to obtain variance decomposition without network theory
or graphics, using a small dataset and Cholesky factor identification. In addition, empirical
research emphasizes the connectedness of volatility in equity markets.

The Diebold and Yilmaz (2012) approach offers notable benefits in evaluating the inter-
connection of financial markets because of its comprehensive nature. The Diebold—Yilmaz
Spillover Index facilitates a comprehensive examination of interconnectedness across mar-
kets, encompassing both direct and indirect connections within asset classes, portfolios,
and individual assets, in a single country and internationally, identifying shocks, influences,
and indirect trends and detecting instances of contagion or herd behavior. This valuable
analytical tool provides insights into the transmission of shocks within a financial system,
providing a holistic understanding of this phenomenon. Furthermore, Diebold and Yilmaz’s
(2012) generalized VAR approach ensures that forecast-error variance decompositions
remain insensitive to the order of the variables and explicitly incorporates directional vola-
tility spillovers, helping decision makers to better understand market risks.

The spillover index methodology in Diebold and Yilmaz (2009) uses the conventional
VAR model, which is limited to assessing the dynamic total spillover index and lacks the
ability to evaluate directional spillover. Furthermore, the findings obtained from the model
are contingent on the VAR lag orders. To address these challenges, Diebold and Yilmaz
(2012) proposes an enhanced DY spillover index model that mitigates the potential influ-
ence of VAR lag orders on the findings and provides a way to quantify directional spillovers
between markets. To achieve this, they employ the generalized VAR framework developed
by Koop et al. (1996) and Pesaran and Shin (1998), commonly referred to as KPPS. This
approach determines the variance of forecast errors for variable x that can be ascribed to
disturbances in another variable y (where x is not equal to y), referred to as the spillover.
Moreover, the Diebold—Yilmaz approach permits the use of rolling window estimations,
allowing us to examine temporal spillover patterns in terms of their magnitude and direc-
tion to identify transmission and receipt of spillovers for each variable at different time
intervals.

First, we use the generalized VAR(g) approach introduced in Diebold and Yilmaz (2012)
to measure directional spillover in our sample. Eq. 2 shows a vector of disturbances that are
independently and identically distributed:

qa
Zy = iZi_i+ u where & ~ (0, %) )
i=0

Consider a stationary variance with N variables, denoted by VAR (g), where Z, is an
N-dimensional vector of regressand variables at time ¢, while ¥ is an N x N autoregressive
coefficient matrix and u; is the error term. Using the VAR(g) model in Eq. (2) we can gener-
ate a moving-average (0o) representation, which can be described as follows:



Alamaren et al. Financial Innovation (2024) 10:81

00
Zt = ZLngt—n (3)
n=0

where L, is the N x N coefficient matrix that corresponds to the iteration of the form
Ly =Y1Ly—1+VYoluoa+...+¥glu—yg (4)

where Lg is the N x N identity matrix, while L,, = 0ifn < 0.

As explained in Diebold and Yilmaz (2012), understanding the system’s dynamics
depends on moving-average coefficients, or transformations such as variance decompo-
sitions, or impulse-response transformations. For example, we use variance decomposi-
tions to break down the forecast-error variances of each variable into parts that can be
attributed to different system shocks. VAR innovations are contemporaneously related,
whereas variance decompositions require orthogonal innovations. The modified VAR
framework used by Koop et al. (1996) and Pesaran and Shin (1998) solves this problem.
The KPPS H-step forecast-error variance decompositions can be expressed as follows:

_ — 2
0,1 S (et AREhy)
oL byt Ay S Aprby)

oy (H) = (5)

where 935,1 represents the error term of the standard deviation for the yth equation, and
is the variance matrix for the error vector. The selection vector is b,, which is one of the
yth elements; otherwise, it is zero. Nevertheless, the total number of components that
have been substituted in each row of the table that decomposes variance is not equal to
one. Hence, every element of the variance decomposition matrix can be written as:

— g
£ (H)
of (H) = —22
’ SN o H)

N
where crfy(H): land ) G,‘%,(H):N.
y=1
Using the KPPS variance decomposition, Diebold and Yilmaz (2012) created a total
volatility spillover index as shown in Eq. 7:

SN, oS SN, o
SeHy = 7Y 100 = x#]y\[ % 100. @)
& oty (H)

Using these directional volatility spillovers in Eq. (8), we calculate volatility spillovers
transmitted from all markets to one market as follows:

30 = 1 o) > =1 )
Sy = 2F*Y 0= YEF % 100. (8)
S 1 0% (H) N

In addition, volatility spillovers are transmitted from one market to another market as
follows:

Page 13 of 37
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N 3 N a
>y =1 o(H) S 21 o)
Sy =27 100=—2T% 100, ©)
SN 1 O (H) N

Furthermore, we can calculate the net volatility spillover from one market to another
using Eq. 10:

¢ = S8.(H) — SE.(H). (10)

This shows that the net volatility spillover is the difference between the contribution to
and from other markets.

Barunik and Krehlik (2018) approach

Financial market connectivity is central to risk management, portfolio allocations, and
business cycle analysis. Many studies in this area focus on developing general frame-
works, as correlation-based measures are often inadequate. To understand the sources
of connectedness in an economic system one must comprehend its frequency dynamics
because shocks to economic activity affect variables at various frequencies and strengths.
Barunik and Krehlik (2018) propose a framework to measure financial connectedness
across desired frequency bands, encompassing long term, medium term, and short-term
shock responses. This section shows the Barunik and Ktehlik (2018) approach to vari-
ance decomposition depending on the frequency of responses to shocks. The spectrum
form of variance decompositions is used to determine market connectivity at various
frequencies (short term, medium term, or long term).

Asset prices, driven by economic growth with different cyclical components, naturally
generate shocks with heterogeneous frequency responses. This, in turn, creates systemic
risk over short-, medium-, and long-term horizons from various sources of connected-
ness. A study of connectedness should emphasize persistent linkages that underlie sys-
temic risk. Different variance decomposition forecast horizons can be used to examine
variable connectedness at different frequencies. Heterogeneous shock responses aggre-
gate across frequencies in the time domain. Barunik and Krehlik (2018) evaluate the dis-
tribution of forecast-error variations in variable y caused by shocks in variable x within
specific frequency ranges, rather than assessing overall error variation. This approach
is logical as it highlights the long term, intermediate, and immediate effects of distur-
bances, which can be combined to create a total impact. This generalized forecast-error
variance decomposition provides a spectral representation defined for frequency-
dependent measurements. Barunik and Krehlik (2018) employ Fourier transforms
of impulse—response functions, referred to as frequency response. In the frequency
domain, we focus on the forecast-error variance frequency band attributed to exogenous
shocks in another variable.

The coefficients of the moving-average Fourier transform generate a frequency
response function. y (e‘i") =3 e~#hy, s the frequency response function while yy, is

h

the Fourier transform, i = +/—1, and « is the frequency. The Fourier transform of the
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moving-average (oo) filtered series gives the spectral density of y, at frequency x as

follows:

o0

Sy = > E(GYew)e ™ =y () 3y (), (11)

h=—00

where Sy(x) is an essential quantity for clarifying frequency dynamics. Because it
explains the distribution of the variance of y, across the x-frequency components, the
frequency domain equivalents of variance decomposition are defined by Eq. (12) as

follows:

oy (v (=) B)ab|*

y(e—"x)Ey’(e“x))a.a’ 12

Sa,b(x) = (

where §8,,(x) is a part of the spectrum of the ath at the frequency of x attributable to
shock in the bth. We clarify that x € (—m, ). Equation 13 shows the weight function of
the spillover of the ath variable as follows:

()/ (e—ix) Z y/(e+ix))a,a
o S (v (e7) X v/ (e47)) 42

T,(x) = (13)

where 7, (x) is the weighting function and reflects the power of the ath variable at a given
frequency. Using generalized variance decomposition, we can construct connectedness
tables for frequency band d,d = (w,z) : w,z € (—7, ), w < z) as

- 1 =
OBd)ap = - S ta(m)égp(m)dm (14)
T —7

Next, we can defend the frequency using Eq. 15 and the connectedness of frequency
band 4 (in Eq. 16) as follows:

cy=|1- @ % 100. (15)

dq

S Tr gd g
Cf_ &_{7‘“} *100:de>k Z~d. (16)

TN 0 Vb S 800

In our study, we select the VAR lag length criterion to be one, in line with the informa-
tion criteria of Schwarz and Hannan-Quinn. For variance decomposition, we use a fore-
casting horizon of 100 days (H), as using a value of (H) <100 produces results that were
deemed to be invalid based on the findings in Barunik and Krehlik (2018).

Empirical finding

Diebold and Yilmaz (2012) model

We use our framework to estimate volatility spillovers using the time-invariant vola-
tility transmission between the largest cryptocurrencies and the largest energy and
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technology stocks in the US market using Diebold and Yilmaz (2012). Table 4 shows
the resulting volatility spillovers. The major diagonal component in the matrix provides
information on how market returns contribute to forecast-error variation. Our results
show the estimated contributions (To—From) in the US market for the selected sectors.
The total spillover is the sum of the off-diagonal elements in a specific column or row
divided by the sum of all elements in that column or row, including the diagonal ele-
ments. According to the total volatility spillover indicator across our sample, an aver-
age of 54% of the variance in volatility forecast errors across all three markets can be
attributed to spillover effects. The extent of directional spillovers over the entire sample
period was relatively high, which means that the volatility forecast-error variance in all
of the cryptocurrencies, energy, and technology companies in our sample largely comes
from spillovers. This overview of all contributions fo and from the other assets shows
the highest volatility spillover transmitter is Microsoft, with a value of 81.9% to others,
followed by Chevron, with a value of 67.4% to others. In other words, Microsoft and
Chevron exert a significant influence on the other assets in the sample. Of the crypto-
currencies in our sample, Ethereum exhibits the greatest spillover effect on other asset
classes. Similarly, within the energy sector Chevron demonstrates the highest spillover
effect and Microsoft displays the highest spillover effect of the technology stocks. While
Microsoft, Bitcoin, and Ethereum make the largest contributions to the shocks and vol-
atility connectedness in our study sample, the highest transmission percentage comes
from Microsoft. Given that Microsoft has a higher market value than Bitcoin, which
has a higher market value than Ethereum, this indicates that practitioners should pay
attention to entities of various sizes. Furthermore, USDT and Amazon contribute less
to shocks and volatility than the others. Investors should consider entities which may be
“too big to fail” and may be “too interconnected” when estimating systemic risk across
financial institutions. Despite their small market capitalizations, Bitcoin and Ethereum
are significant (net) contributors to volatility connectedness and shocks, meaning they
substantially contribute to risk in our sample (Wang et al. 2018). In contrast, Tether
(USDT) has a weight of 14.4%, making it the lowest transmitter. In addition, Chevron is
the highest receiver with a value of 66.1%, and Tether is the lowest, with volatility spillo-
vers of 27.0% in terms of the variance of its forecast error.

Further, net volatility spillovers are the difference between contributions fo and from
others. Therefore, positive net volatility spillovers identify net transmitters and nega-
tive net volatility spillovers identify net receivers. Bitcoin and Ethereum have positive
net volatility spillovers from cryptocurrencies; hence, they are net transmitters, a find-
ing consistent with Li et al. (2023) who investigate the volatility of cryptocurrencies and
financial assets in China. Tether and BNB Coin have negative net volatility spillovers;
therefore, they are net receivers. Among the four energy stocks, ExxonMobil and Nex-
tera Energy are net receivers, while Chevron and ConocoPhilips are net transmitters,
which is consistent with Bouri et al. (2021), who suggest that crude oil is the primary
shock transmitter in the network. Tech companies Apple and Microsoft are net trans-
mitters, and Alphabet and Amazon are net receivers in the system. Microsoft is the
highest net transmitter and Tether is the highest net receiver.

Figure 1 illustrates the dynamics of total volatility spillovers among the leading cryp-
tocurrencies (Bitcoin, Ethereum, Tether, and BNB coin), US energy companies (Exxon
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Fig. 1 Total Volatility Spillovers for the US Study Sample

Mobil, Chevron, ConocoPhillips, and Nextera Energy), and US technology companies
(Apple, Microsoft, Alphabet, and Amazon). Table 3 shows the comprehensive spillover
and spillover index for the entire sample. It is worth noting that this summary may over-
look significant sectoral and cyclical fluctuations in spillover patterns. To address this,
we calculate volatility spillovers using 200-day rolling sample periods. In addition, we
evaluate the magnitude and characteristics of spillover fluctuations over time by exam-
ining the corresponding time series of spillover indices. Over the study period, 200-day
total volatility spillovers were between 40 and 85%, whereas the static total spillover
index was 54%, in line with (Kang et al. 2019; Fang et al. 2022; Khalfaoui et al. 2023).
Compared with static analyses, which produce strong indicators, the time-varying tech-
nique offers more information on the volatility connections among the cryptocurrency,
energy, and technology markets. Total spillovers are between 40 and 50% until 2019.
Thereafter, we see significant changes as the magnitude of spillovers surpasses 50% in
the middle of 2019 and reaches a high of 85% during the COVID-19 pandemic, which
started on March 11, 2020 (WHO, 2021). The highest total volatility spillovers occur
between 2020 and 2021 due to the COVID-19 pandemic, which led to closures in all
aspects of economic and social life that were reflected in stock prices and cryptocur-
rencies. Several factors made volatility spillovers decline in 2021, the most important of
which was the announcement of the COVID-19 vaccine in the last quarter of 2020. This
led countries to gradually reduce restrictions and end closures. Our results align with
those in prior studies (Bouri et al. 2021; Coskun and Taspinar 2022), which show that the
outbreak of COVID-19 affected financial markets, resulting in increased volatility. The
spillovers during the COVID-19 pandemic were significantly larger than those observed
before and after, indicating the impact of COVID-19 on the US economy increased risk
transmission across markets.

Figure 2 shows trends in directional volatility spillovers among the cryptocurrencies
and stocks in our sample. Again, the highest volatility spillovers were in the COVID-19
period in 2020, rising by roughly 40%, which is consistent with Mensi et al. (2022). Bit-
coin’s volatility transmissions varied over time, as did Ethereum’s, Tether’s, and BNB’s
during COVID-19. Apple, Microsoft, Alphabet, and Amazon transmit volatility to oth-
ers in a time-variant manner Similarly, Exxon Mobil, Chevron, ConocoPhillips, and
Nextera Energy from the energy sector transmitted volatility to others. Their volatility
spillovers then dropped slightly for a short time, then rose again in 2022 due Russia’s
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invasion of Ukraine and the resulting food crisis and price inflation, which is consistent
with Chaaya et al. (2022).

Figure 3 shows the directional volatility spillovers to the companies in our sample.
The transmission of effects from others exhibits noticeable temporal variations. How-
ever, the pattern of relative variation is reversed compared to the increases in their
directional volatility spillovers to asset classes. Hence, the highest volatility spillovers
were received during the COVID-19 period during 2020, consistent with Wei et al.
(2022). Volatility spillovers rose for all companies in the market. Bitcoin received the
volatility from others in a time-variant, the same for Ethereum, Tether, and BNB, and
volatility spillovers reached 100% during the COVID-19 period. In the technology
sector, Apple, Microsoft, Alphabet, and Amazon received volatility spillovers from
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others in a time-variant. Moreover, Exxon Mobil, Chevron, ConocoPhillips, and Nex-
tera Energy from the energy sector received volatility spillovers from others. Exxon
and Amazon had an effect for a short time. Then the volatility spillovers dropped in
cryptocurrency, Nextera in the energy sector, and the technology companies, while
Exxon Mobil, Chevron, and ConocoPhillips dropped slightly and still received volatil-
ity spillovers. Furthermore, we find that Bitcoin, Ethereum, BNB, technology compa-
nies, and energy companies (except Nextera) received volatility spillovers again during
2022 because of the Russia—Ukraine crisis, consistent with Chaaya et al. (2022).

Figure 4 shows the net volatility spillovers for each asset in our study. Before the
COVID-19 pandemic, the net volatility spillovers between each of the assets were below
20%. Nevertheless, there was a significant shift in circumstances following January
2018. The net transmission of volatility spillover from Bitcoin, Ethereum, and Microsoft
remained positive during various phases of the panadmic, peaking at 30% following the
COVID-19 pandemic in 2020. Accordingly Bitcoin, Ethereum, and Microsoft had a posi-
tive net volatility spillover, which means they were transmitters and they were a trans-
mission of the volatility spillovers. Also, the net receiving of volatility spillover from the
Apple, Amazon, Exxon, Chevron and ConocoPhillips remained negative during various
phases of the panadmic, peaking at mines 40% in 2020. Hence, Apple, Amazon, Exxon,
Chevron and ConocoPhillips had negative net volatility spillovers during the COVID-19
period, which means they were receiving the volatility spillovers. BNB and Nextera expe-
rienced a shift from being net receivers to becoming net transmitters in the COVID-19
period and subsequently reverted back to receiving spillover.

The Barunik and Krehlik (2018) model

In this section we estimate the dynamics of volatility spillovers for both short- and long-
term horizons using the method in Barunik and Krehlik (2018), and present the results
in Table 5. The table shows time—frequency spillovers of different terms (short, medium,
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and long). The results show total volatility spillovers over the short term (1-4 days) are
47.81%, while in the medium term (from 4 to 10 days) they are 41.82%, and in the long
term (from 10 days) they are 45.17%. The highest value for volatility spillovers occurs
in the short term horizon, indicating that the effects of volatility spillover transmission
from one market to another are of brief duration, in contrast to the findings of Coskun
and Taspinar (2022) who find the highest spillover values in the long term. Naeem
et al. (2020) and Mensi et al. (2022) find that in the short term, the transfer of volatil-
ity between stocks and commodities increases due to speculation, investor sentiment,
and exaggerated responses to news related to both the real and financial sectors of an
economy. In our results, we observe the lowest value over the medium term. Our find-
ings show that market volatility spillovers tend to concentrate in less than four days, and
volatility spillovers in the short term over the whole period dominate the medium- and
long-term spillovers. As a result, cryptocurrencies, energy, and technology respond to
shocks more quickly in the short term than in the long and intermediate terms. In the
short term, it is plausible that cryptocurrencies, energy, and technology, could display
swift and occasionally unforeseeable reactions to external disturbances, including mar-
ket occurrences, economic fluctuations, or geopolitical advancements. Investors derive
advantages from their capacity to promptly evaluate and respond to these transient dis-
ruptions, thereby potentially minimizing financial losses or capitalizing on advantageous
circumstances. Investors can enhance the safeguarding of their portfolios against abrupt
adverse movements by promptly acknowledging and addressing short-term shocks; our
results align with those of Mensi et al. (2021). Chevron contributed the most to short
and medium-term volatility spillovers by 7.16% and 7.41%, respectively, while Exxon
contributed the most to long-term volatility spillovers by 5.01%.

Moreover, Exxon had the second highest contribution in the short term, followed by
Microsoft (5.51%), ConocoPhillips (4.42%), Alphabet (4.36%) and Bitcoin (4.03%), so
they were the highest transmitter of volatility to the others. Energy companies have the
most contribution volatility spillovers in our sample. In the long term, Exxon, Microsoft,
ConocoPhillips, and Bitcoin were the highest transmitter of volatility to the others, while
USDT was the highest receiver from the others.

Robustness tests

Verifying our empirical analysis is crucial to ensure its robustness and validity, particu-
larly because of the arbitrary selection of the rolling window (RW) size. Choosing a
relatively low RW size can make the analysis sensitive to extreme outliers in total con-
nectedness. Conversely, opting for a high RW size may smooth out the potential impact
of different outcomes (Diebold and Yilmaz 2012). To assess the reliability of our empiri-
cal findings we examine various RW sizes, specifically 200, 300, and 400 days. By ana-
lyzing the time-varying total spillovers presented in Fig. 5A show no sensitivity across
different RW sizes. This implies that our results are not merely coincidental; they remain
consistent regardless of whether we use low or high RW sizes, thereby indicating robust
empirical findings. The spillover index is computed for VAR orders 2 to 6, and the result-
ing minimum, maximum, and median values in Fig. 5B. We also determine the spillover
index for forecast horizons ranging from 4 to 10 days, as shown in Fig. 5C. Figures 5B
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Fig. 5 ATotal spillover plots using different rolling windows (RW) sizes. B Sensitivity test of the spillover
index across different vector autoregression lag structure (max, median, and min values of the index for VAR
orders of 2-6). C Sensitivity test of the spillover index across different forecast horizons (max, median, and min
values over 4 to 10 days horizon)

and C confirm the overall spillover plot is not sensitive to the choice of VAR order or
forecast horizon, which is consistent with Diebold and Yilmaz (2012).

Connectedness network results

Connectedness networks show directional volatility spillovers, and the connectedness
network between variables provides information about the receiver and transmitter for
each. In Fig. 6, a darker color and bolder font indicate a strong influence, while less dark-
ening indicates a more minor influence. In addition, we calculate volatility spillover net-

works after measuring extreme volatility spillovers.
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Fig. 6 Connectedness Network FROM-TO, Respectively
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Figure 6 indicate the risks associated with extreme volatility spillovers across crypto-
currencies, energy and technology companies and connectedness networks from one
variable to another, using the method in Diebold and Yilmaz (2012). We can see that
Bitcoin, BNB, and Ethereum strongly receive and transmit volatility (FROM-TO) to each
other, i.e., Bitcoin receives and transmits (FROM-TO) Ethereum and BNB. Ethereum
receives and transmits (FROM-TO) Bitcoin and BNB. In contrast, BNB receives and
transmits (FROM-TO) Bitcoin and Ethereum. All four technology companies (Apple,
Microsoft, Alphabet, and Amazon) strongly affect (FROM-TO) each other in the tech-
nology sector. Finally, Chevron, ConocoPhillips, and ExxonMobil each have a strong
influence (FROM-TO) on each other, whereas Nextera has a moderate effect (FROM-
TO) on technology companies ConocoPhillips, Tether, and Chevron. In sum, all of the
assets in our sample face significant volatility spillovers.

Figure 7 illustrate the extreme volatility spillovers across cryptocurrencies and energy
and technology companies over the long term (from 10 to infinity) network according
to Barunik and Krehlik (2018). Volatility spillover for all four technology companies is
high for (FROM-TO). Cryptocurrency Bitcoin, Ethereum, and BNB have high volatil-
ity spillover effects (FROM-TO), and Chevron, ConocoPhillips, and ExxonMobil exhibit
high volatility spillover. In contrast, Nextera shows moderate volatility spillover effects
(FROM-TO), with Microsoft, Apple, Alphabet, Chevron, and ExxonMobil.

Figure 8 show extreme volatility spillovers across cryptocurrency, energy, and technol-
ogy companies over the medium-term (from 4 to 10 days) network, according to Barunik
and Krehlik (2018). We can note the volatility spillover effect in the medium term is low
between variables; as a result, the volatility spillover is deficient in this period of study.

Figure 9 show the high volatility spillover among cryptocurrency, energy, and technol-
ogy companies over the short term (from 1 to 4 days), following the method in Barunik
and Krehlik (2018). We note that volatility spillovers for energy companies other than
Nextera have the highest volatility (FROM-TO) in the short term, between Chevron,
ConocoPhillips, and ExxonMobil. The volatility spillover (FROM-TO) effect between
cryptocurrencies other than Tether is also substantial. Finally, among the four technol-
ogy companies, there is a strong effect (FROM-TO) for Alphabet, Microsoft, and Apple,
whereas the effect is less (FROM-TO) for Amazon..

Connectedness network for net-pairwise directional spillovers

In this section, we use various colors to define the relationships between nodes in the
network. The node color corresponds to the function of a particular group in the system,
and the size of the nodes reflects the magnitude of the net-pairwise directional spillo-
vers. Red represents the strongest relationship, light green indicates a moderate rela-
tionship, and blue is the weakest. Edge colors reflect the strength of the net-pairwise
directional connectedness, ranging from red, the most potent effect, to green, to blue,
and lastly light blue, which shows the weakest spillover effect.

Figure 10 shows the net-pairwise directional spillovers among the cryptocurrencies,
energy, and technology companies in our sample. The map evidence in Table 3 depends
on Diebold and Yilmaz 2012. Alphabet and Amazon are the highest transmitters of
shocks to other companies, energy companies are in the middle, and cryptocurrencies
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Fig. 7 Connectedness Networks FROM-TO for the Long Term (from 10 to Infinity), Respectively
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H
Fig. 9 Connectedness Networks FROM-TO over Short Term (1 to 4 Days), Respectively



Alamaren et al. Financial Innovation (2024) 10:81 Page 30 of 37

Fig. 10 Connectedness Network for Net-Pairwise Directional Spillovers according to Diebold and Yilmaz
(2012)

were mostly shocked by the energy and technology stocks in the sample. Alphabet trans-
fers the greatest shock to all companies, with the most significant direct transmission to
Amazon.

Figure 11 present the connectedness network for net-pairwise directional spillovers
depending on frequency time with different terms (short and long term), following
Barunik and Krehlik (2018). The short- and long-term results confirm that Alphabet
transfers the highest shocks to all of the other companies. Moreover, analyzing the mar-
ket conditions indicates that most of the transmission of the shock into Amazon origi-
nates from Alphabet. Alphabet transmits less spillover to Chevron and Nextera in the
short term and minor spillover to others. Notice that in the time horizon, the node sizes
for Alphabet and Amazon are large during this period.

Our examination of volatility spillovers between prominent cryptocurrencies and
US energy and technology companies offers various practical applications and impli-
cations. First, gaining insight into the interplay between cryptocurrency volatility and
its impact on the energy and technology sectors, as well as the reciprocal influence of
these sectors on cryptocurrency volatility, is important in the realm of risk manage-
ment. The cryptocurrency Ethereum exhibits the greatest spillover effect to the other
assets in our sample, Chevron demonstrates the highest spillover effect within the
energy sector, and Microsoft displays the highest spillover effects among the technol-
ogy stocks. Investors and portfolio managers can use this information to implement
portfolio diversification strategies. In the event of heightened volatility in a particular
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Fig. 11 Connectedness Network for Net-Pairwise Directional Spillovers (Short and Long Term), According to
Barunik and Krehlik (2018), Respectively
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asset class, investors could modify their allocations to mitigate overall portfolio risk.
Second, the results provides valuable insights that can assist investors in making the
optimal allocations to cryptocurrencies, energy, and technology sectors, given that
Bitcoin, Ethereum, Chevron, ConocoPhillips, Apple, and Microsoft are net trans-
mitters of volatility shocks while others are net receivers. Investors could use this to
modify their asset allocations to maximize returns and mitigate risk, based on their
respective risk tolerance levels and investment objectives. The information can be
utilized by investors to mitigate their positions. Individuals with substantial holdings
in cryptocurrencies might use options or other derivatives to hedge against poten-
tial adverse effects resulting from the transmission of cryptocurrency volatility. Third,
financial institutions and investment firms can use the findings in this study within
their asset allocation models to guide investment decisions that reflect the intercon-
nections among cryptocurrencies and energy and technology stocks. Fourth, robustly
quantifying systemic risk is important from the standpoint of market supervision.
While it is beneficial to employ targeted measures for assessing regulatory tools in
relation to specific risk channels, it is imperative to utilize comprehensive measures
that aim, to quantify the extent to which financial institutions contribute to overall
systemic risk. This is essential in order to identify institutions that hold significant
importance in the broader system. In situations where the impact of institutions is
enduring rather than limited to the immediate term, the systemically important finan-
cial institutions may be subjected to elevated capital requirements or a tax aimed at

Table 6 Comparison of results using the Diebold and Yilmaz (2012) Model and the Barunik and
Krehlik (2018) Model

Diebold and Yilmaz (2012)

Barunik and Krehlik (2018)

Total volatility spillover indicator, it is observed that, on
average, within the entirety of our sample equals 54%
The highest volatility spillover transmitter is Microsoft,
with a value of 81.9% to others, followed by Chevron,
which has a value of 67.4% to others

Tether (USDT) has a weight of 14.4%, which is the low-
est transmutation for the other

Chevron is the highest receiving with a value of 66.1%,
and Tether is the lowest receiving with volatility spillo-
vers of 27.0%

The magnitude of the dynamics spillovers surpassed
the threshold of 50% in the middle of 2019 and
reached 85%. Significantly, during the COVID-19
pandemic

The period characterized by the most pronounced
directional volatility spillovers from - to companies
was observed during the COVID-19 pandemic in the
year 2020 and the volatility spillovers rise about 40%
for each

Then the volatility spillovers witnessed resurgence

in 2022 because of the Russia-Ukraine crisis and the
resulting food crisis and price inflation

Bitcoin, Ethereum, Chevron, ConocoPhilips, Apple and
Microsoft are net sender, while other is net receiver

Barunik and Krehlik (2018) approach shows time—fre-
quency spillovers with different terms (short, medium,
and long)

The total volatility spillovers for the short-term period
(from 1 to 4 days) are 47.81%, while in the medium term
(from 4 to 10 days) they are 41.82%, and in the long-
term (from 10 days) they are 45.17%

The highest value for volatility spillovers occurs in the
short-term horizon

The effects of volatility spillover transmission from one
market to others are of brief duration

Chevron contributed the most to short and medium-
term volatility spillovers by 7.16% and 7.41%, respec-
tively

Exxon contributed the most to long-term volatility
spillovers by 5.01%

Exxon had the second highest contribution in the short
term, followed by Microsoft (5.51%), ConocoPhillips
(4.42%), Alphabet (4.36%) and Bitcoin (4.03%), so they
were the highest transmitter of volatility to the others
Energy companies have the most contribution volatility
spillovers in our sample

In the long term, Exxon, Microsoft, ConocoPhillips, and
Bitcoin were the highest transmitter of volatility to the
others, while USDT was the highest receiver from the
others
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mitigating systemic risks. The identification of the specific sources of instability at dif-
ferent frequencies is crucial for policymakers seeking effective tools to monitor the
accumulation of risk, as systemic risk poses a significant threat to the overall stability
of the financial sector.

Table 6 compares the outcomes derived from the approaches used in Diebold and
Yilmaz (2012) and Barunik and Kfrehlik (2018), providing insights into disparities
observed in our findings and enhancing the understanding of the relevant dynamics
in these markets.

Conclusion

This study analyzes volatility spillovers for a subset of assets traded in US markets using
generalized VAR and variance decomposition (frequency response) models. We focus
on the cryptocurrency, energy, and technology sectors using daily prices from Novem-
ber 15, 2017, to October 28, 2022. Based on Diebold and Yilmaz (2012), our main finding
is that the average total volatility spillover for our sample is approximately 54% of the
variance in volatility forecast errors across all of the assets in our sample. The magnitude
of the directional spillovers observed over the entire duration of the sample period was
relatively high. We find that Chevron and Microsoft have bidirectional spillover strength,
Microsoft is the highest net transmitter, and Tether is the highest net receiver. Bitcoin,
Ethereum, Chevron, ConocoPhilips, Apple, and Microsoft are net volatility transmit-
ters and the other six are net receivers (e.g., Wang et al. 2018; Bouri et al. 2021; Li et al.
2023). Total volatility spillover ranges between 40 and 85% over time (e.g., Fang et al.
2022; Khalfaoui et al. 2023). The most significant volatility spillover occurred between
2020 and 2021, indicating the COVID-19 pandemic strongly influenced volatility spillo-
ver, and during 2022 the volatility spillover. Spillover started to increase slightly in 2022
because of the Russian—Ukrainian crisis (Mensi et al. 2022; Chaaya et al. 2022). To offer
another perspective, we follow Barunik and Ktehlik (2018), which allows us to extract
detailed time—frequency dynamics within the connectedness network. Periods charac-
terized by frequent connectivity are associated with stock markets that are efficiently
and calmly processing information. During such periods, a shock to one asset primarily
affects the system in the short term, but is not notable in the intermediate terms, result-
ing in the short term dominating. Hence, volatility spreads with a short-term frequency
and spillovers intensify during extreme events. Within our sample, Bitcoin, Ethereum,
Nextera Energy, ConocoPhillips, Alphabet, and Apple are the net receivers of spillovers,
while Tether, BNB, Microsoft, Amazon, ExxonMobil, and Chevron are net transmitters
of spillovers. The connectedness network shows that in terms of net-pairwise direc-
tional spillovers, Alphabet and Amazon are the biggest transmitters of shocks to other
companies.

Our findings imply several policy recommendations for decision makers and inves-
tors. Investors must always be prepared for fluctuations in market conditions, as careful
analysis of stock prices requires predicting future shocks. However, the study shows that
investors should primarily focus on short-term effects because they do not have enough
time to make quick decisions to protect themselves from market risks when the US mar-
ket is affected. Hence, we can suggest to. Based on our limited sample of cryptocurren-
cies and large energy and technology stocks, investors should be aware that volatility
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spillovers intensify during global crises. Regulators and investors should be aware of
the connections among the cryptocurrency, energy, and technology markets should
be brought to the attention of regulators and investors and should be considered when
making policies. Volatilities in these markets influence each other and may exacerbate a
decline in stock prices, as volatility usually rises when prices are falling. Our results also
highlight the growing connections between unexpected and wildly unpredictable events
such as the COVID-19 outbreak and the Russia—Ukraine conflict. Hence, governments
should consider measures to mitigate the detrimental effects caused by external shocks
and to focus on frequency-specific sources of risk.

Our study’s limitations include insufficient data for cryptocurrencies, as most started
trading only recently. As a result, we could not examine shocks to the US market before
2017 due to the lack of data available before that period. Thus, the researchers were unable
to investigate the events and shocks adequately and thoroughly in the U.S. market. More-
over, our approach does not permit us to calculate portfolio weights and optimal hedge
ratios to address portfolio diversification. In addition, the methodologies we follow here do
not fully utilize the advantages of Bayesian shrinkage techniques in estimating high-dimen-
sional systems while avoiding the need for computationally intensive simulation methods.
The dynamic connectedness index and directional connectedness measures exhibit immu-
nity to the persistence observed in rolling window estimation (Attarzadeh and Balcilar
2022).

Further studies on this topic could include risk-free government bonds, corporate bonds,
and/or green bonds to the sample and incorporate new cryptocurrencies and other compa-
nies traded in the US market. By expanding the sample, a more comprehensive representa-
tion of the US market can be achieved, allowing for a more complete analysis of information
transmission and spillovers across sectors. Studies could also compare other markets to the
US to determine volatility spread patterns beyond what we studied here.
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ETH Ethereum
usoT Tether
BNB BNB
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MSFT Microsoft
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NEE Nextera

VAR Vector autoregressive
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