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Portfolio diversification benefits 
of alternative currency investment in Bitcoin 
and foreign exchange markets
Muhammad Owais Qarni and Saiqb Gulzar*  

Introduction
The detached behavior of Bitcoin price formation from economic fundamentals makes 
Bitcoin a significant portfolio diversification instrument for conventional and alternative 
investment assets with ability to withstand financial downturns. The published research 
on Bitcoin has identified the varying nature of efficiency among alternative currency 
Bitcoin markets (Sensoy 2019). This finding is relevant for portfolio diversification, as 
the presence of arbitrage opportunities among alternative currency Bitcoin markets can 
be utilized by profit-maximizing investors to enhance portfolio returns (Makarov and 
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Schoar 2020). Similarly, Stensås et al. (2019) found that Bitcoin has hedging benefits for 
developing countries, such as Brazil, India, South Korea, and Russia, and diversification 
benefits for developed countries and commodities. In line with the findings of Stensås 
et al. (2019), Omane-Adjepong and Alagidede (2020) found a varying nature of portfo-
lio diversification and hedging capabilities of Bitcoin and Ripple for emerging markets’ 
assets. Specifically, diversification and hedging benefits of Bitcoin and Ripple varied 
across emerging asset classes, country-specific assets, and regional emerging markets. 
Bitcoin has also been found to provide value-added diversification for portfolios of tra-
ditional assets (Platanakis and Urquhart 2019), as indicated by the presence of detached 
price behavior of Bitcoin from these traditional assets. Bitcoin price movement has also 
been found to affect national currency markets (Kyriazis 2019b). Thus, it is important to 
study the varying nature of volatility spillover and portfolio diversification benefits that 
alternative currency Bitcoin trading can offer investors. The currency of trade for Bitcoin 
is an important determinant of price differences at different alternative currencies’ Bit-
coin exchanges (Brandvold et al. 2015), which in turn is highly likely to affect the foreign 
exchange rate (Narayan et al. 2019). The presence of diversity among Bitcoin prices at 
different alternative currencies’ exchanges (Briere et al. 2015; Fry and Cheah 2016) and 
the presence of price bubbles in the Bitcoin market (Cheah and Fry 2015; Cheung et al. 
2015) motivates us to investigate the volatility spillover from the Bitcoin market to the 
foreign exchange pairs of six major trading currencies.1 To date, little attention has been 
paid to the analysis of volatility spillover dynamics between alternative currency Bitcoin 
and foreign exchange markets.

Measuring spillover from Bitcoin to other financial markets is important to under-
stand its portfolio diversification capabilities and its ability to withstand financial down-
turns. A differing influence of Bitcoin has been found for the Japanese yen, British pound 
sterling, Swiss franc, euro, Australian dollar, and Canadian dollar. Bitcoin has been found 
to act as a hedge for the Swiss franc, euro, and British pound sterling, and as a diversifier 
for the Australian dollar, Canadian dollar, and Japanese yen (Urquhart and Zhang 2019). 
The varying efficiency, arbitrage, hedging, and portfolio diversification opportunities 
across Bitcoin exchanges denominated in different currencies provide the motivation for 
empirically analyzing whether Bitcoin currency denomination alters the portfolio diver-
sification benefits of Bitcoin.

With an aim to fill the existing void in the literature, this study investigates volatil-
ity spillover from the Bitcoin market to the foreign exchange pairs of six major trad-
ing currencies (US dollar, euro, Japanese yen, British pound sterling, Australian dollar, 
and Canadian dollar) for the period September 17, 2014 to December 31, 2018. This 
study employs the Diebold and Yilmaz (2012) spillover index, the Barunik et al. (2017) 
spillover asymmetry measure, and the Barunik and Křehlík (2018) frequency connect-
edness methodology. This study contributes to the emerging research literature by 
achieving the following three objectives. First, this study provides empirical evidence 
on the dynamics of time-varying average volatility spillover from the Bitcoin market to 

1 The detached behavior of Bitcoin price formation from the economic fundamentals makes it a significant portfolio 
diversification instrument for conventional and alternative investment assets (Briere et  al. 2015; Koutmos 2018; Kris-
toufek 2015).
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the foreign exchange pairs of six major trading currencies during the analyzed sample 
period. Second, this study provides evidence on the nature of static and time-varying 
dynamic asymmetric volatility spillover from the Bitcoin market to the foreign exchange 
pairs of six major trading currencies. Analysis of asymmetric volatility spillover yields 
knowledge on how negative and positive volatility in a market influences positive and 
negative volatility in other markets. Third, this study investigates the dynamic frequency 
connectedness of the Bitcoin market to the foreign exchange pairs of six major trading 
currencies to reveal the dynamics of volatility spillovers at short and long horizon fre-
quency domains. The frequency connectedness measures provide evidence on the speed 
and horizon of volatility spillover dynamics across the analyzed markets.

Analysis and forecasting of volatility spillover dynamics among integrated conven-
tional and alternative investment assets is of primary importance in the field of finance 
research. The estimates of volatility spillover are needed for formulating portfolio opti-
mization, hedging and risk minimization strategies by investors and policymakers. To 
date, little is known about the volatility spillover dynamics of Bitcoin markets and for-
eign exchange pairs denominated in major trading currencies. The findings of this study 
provide significant insight for investors, policymakers, and researchers by revealing the 
influence of Bitcoin as an alternative investment on other financial markets. By quanti-
fying the interconnectedness relationship among Bitcoin markets and foreign exchange 
pairs denominated in six major trading currencies yields a deeper understanding of 
future spillover and contagion, which could be used to formulate educated investment 
strategies about whether to include Bitcoin in an investment portfolio or not. A clear 
understanding of the nature and dynamics of volatility spillover among the Bitcoin mar-
kets and foreign exchange pairs denominated in six major trading currencies would 
help investors to better align their investment strategies and policies to counter adverse 
conditions in any of the analyzed markets. Investors could also benefit from the price 
discrepancy that exists in Bitcoin trading in alternative currencies and could utilize this 
discrepancy for portfolio optimization. For scholars, an interesting avenue for further 
research would be to investigate the relationship between cryptocurrencies and conven-
tional and alternative investment assets. Lastly, this study helps policymakers to obtain 
better insights into how Bitcoin price movements will be affecting the financial system in 
the future and thereby formulate strategies to curtail the negative impacts of such price 
movement on the existing financial system and institutions.

The remainder of paper is organized as follows. "Literature review" section covers the 
relevant literature review for the topic. "Methodology" section explains the research 
methodology. "Data and descriptive" section describes the data. "Results and discussion" 
section presents the results and discusses them. The last section concludes.

Literature review
Academic research on cryptocurrencies started with Bitcoin, the first cryptocurrency 
and mainly focused on analysis of legal, security, and technical features of Bitcoin’s 
block chain technology. Among them, the works of Barber et al. (2012) and Tu and Mer-
edith (2015) are most prominent. Priem (2020) analyzed the merits and demerits of 
distributed ledger technology and suggested that regulatory risk exists and needs to be 
addressed. Meralli (2020) introduced the zkABS technique, based on cryptographic zero 



Page 4 of 37Qarni and Gulzar  Financ Innov            (2021) 7:17 

knowledge proof, which allows better analysis of price risk and fraud. Later, due to the 
high price growth of Bitcoin, researchers focused on analyzing other aspects of Bitcoin, 
such as price formation, efficiency, speculative nature, and financial aspects for portfo-
lio diversification. Over time, support for and criticism of acceptance of Bitcoin have 
become a major topic of debate in the research community.

Regarding the price determinants of Bitcoin, researchers have found that Bitcoin 
prices exhibit detached behavior that cannot be explained by economic fundamentals 
(Bouoiyour and Selmi 2015; Dastgir et  al. 2019; Kristoufek 2013; Polasik et  al. 2015).2 
Kristjanpoller and Bouri (2019) analyzed the price behavior of cryptocurrencies relative 
to conventional currencies and found the presence of significant multifractal behavior in 
Bitcoin price movement. Researchers have also studied the price efficiency for Bitcoin 
markets to uncover arbitrage opportunities that may exist due to the presence of inef-
ficiency in the Bitcoin market. Nam et al. (2006) found that such factors as liquid alter-
native currency indexes, a new futures exchange, and reduction of intra-day volatility 
explain cryptocurrency market efficiency.

Fassas et  al. (2020) analyzed the contribution of the Bitcoin futures market to price 
discovery in the Bitcoin market. The authors established the existence of a bidirectional 
relationship between intra-day volatility in Bitcoin futures and spot markets. The authors 
also provided evidence for the influence of Bitcoin futures market on price formation in 
the Bitcoin spot market. Fink and Johann (2014) argued that Bitcoin prices experience 
extreme returns and high volatility, and that the Bitcoin market is informationally ineffi-
cient. Klein et al. (2018) found that the increase in Bitcoin prices is the major factor con-
tributing to increased Bitcoin volatility and that Bitcoin prices are expected to decline 
in future as speculative investors aim to take advantage of the existing price. Gronwald 
(2019) also found that volatility in Bitcoin price is mainly influenced by large price move-
ments, and the effect of price movement on volatility is larger in the Bitcoin market 
than in crude oil and gold markets. Urquhart (2016) also claimed that, after an initial 
transitory phase, as the market matures, Bitcoin was in the process of moving toward 
efficiency. Bariviera (2017) reported that Bitcoin daily returns exhibited persistent 
behavior before 2014, whereas the behavior was more efficient after 2014. Vidal-Tomás 
et al. (2019) analyzed the efficiency in Altcoin markets and found the presence of a weak 
form of inefficiency. The authors concluded that the efficiency of the Altcoin market had 
decreased over time, especially in 2017, and that introduction of new Altcoin did not 
help to increase the level of efficiency in the market.

On the contrary, Sensoy (2019) testing weak form efficiency in the Bitcoin US dollar 
and euro market, found that efficiency existed in these markets and that Bitcoin trade in 
US dollars exhibited more efficient behavior than Bitcoin trade in euro. Nadarajah and 
Chu (2017) concluded that Bitcoin returns were efficient. Similarly, Tiwari et al. (2018) 
found evidence for the informational efficiency of the Bitcoin market.3 Makarov and 

2 Kritoufek (2015) proposed that the unexplained nature of the Bitcoin price by economic theory makes it a pure specu-
lative investment asset, where the main driver for price formation is investors’ speculation. Ciaian et al. (2016) found 
that investor attractiveness was the main driver of Bitcoin prices. There is no evidence that macro-financial develop-
ments have any impact on Bitcoin prices in the long run.
3 Recent literature (e.g., Almudhaf 2018; Al-yahyaee et al. 2018; Cheah et al. 2018) has provided evidence that the Bit-
coin market is inefficient, which supports the speculative nature of Bitcoin investment.



Page 5 of 37Qarni and Gulzar  Financ Innov            (2021) 7:17  

Schoar (2020) established the presence of deviation in cryptocurrency traded over dif-
ferent online exchanges that persisted for several days and suggested that inefficiency 
was present across alternative currency Bitcoin exchanges. Similar results for the pres-
ence of inefficiency in Bitcoin market were found by Kyriazis (2019a). Jalali and Heidari 
(2020) employed a grey prediction model to forecast Bitcoin prices and found that the 
GM (1, 1) model provides better price forecasts within a 5-day window. The basic argu-
ment that Bitcoin prices are inefficient, without any fundamental relationship to macro-
economic and financial variables, has triggered another strand of studies examining the 
speculative nature of Bitcoin.

Glaser et al. (2014) questioned the motivations behind the implementation of Bitcoin 
and highlighted the resemblance of its exchange activities to pure speculative trading. 
Kristoufek (2015) proposed that the unexplained nature of Bitcoin’s price by economic 
theory makes it a pure speculative investment asset, where the main driver for price for-
mation is investors’ speculation. Cheung et al. (2015) and Corbet et al. (2018) provided 
further evidence on the speculative nature of Bitcoin investment by identifying the pres-
ence of speculative price bubbles in the Bitcoin market. Phillip et al. (2018) argued that 
a US dollar 1000 investment in Bitcoin during 2010 was equal to US dollar 81 million in 
2017. Katsiampa (2019) suggested that the gigantic fluctuations in Bitcoin prices depict 
their increasing use for speculative purposes. Baur et al. (2018) argued that Bitcoin mar-
kets were inefficient and supported the speculative nature of Bitcoin investment.

Speculation and spillover are closely related phenomena, as the former can give birth 
to the latter (Phillips and Yu 2011). Bouri et al. (2018) analyzed the spillover behavior 
between Bitcoin and conventional assets during bull and bear markets and found evi-
dence of asymmetry in the two market conditions. Similarly, Zhang et al. (2020) found 
evidence for significant downside between Bitcoin, equity, bond, currency, and com-
modity markets. Baur et al. (2018) recommended that the integration among Bitcoin and 
financial markets can be explained considering its usage system. The usage of Bitcoin as 
a medium of exchange to purchase goods and services is likely to affect the US foreign 
exchange market. Meanwhile, if Bitcoin is utilized as an investment vehicle, the stock, 
bond, and commodity markets are likely to be affected. The findings of Baur et al. (2018) 
also identified Bitcoin as a speculative investment asset, raising alarm about spillover 
and contagion among Bitcoin and financial markets. Selgin (2015) identified Bitcoin as 
synthetic commodity money, sharing the features of gold and US dollars. Gold is used 
as an investment vehicle, whereas, US dollars are the major medium of exchange for the 
purchase of goods and services. Thus, in line with Baur et al. (2018), Selgin (2015) pro-
vided significant rationale for investigating Bitcoin contagion and spillover effects with 
other financial assets after its phenomenal growth. Narayan et  al. (2019) analyzed the 
impact of Bitcoin speculative price growth on the inflation, currency appreciation, and 
velocity of money in the Indonesian economy. The findings indicated significant influ-
ence of Bitcoin price growth on inflation, currency appreciation, and reduced velocity 
of money. The authors attributed this significant effect to the wealth effect generated by 
Bitcoin price growth.4

4 Cheah and Fry (2015) also considered Bitcoin to be a speculative investment asset due to the presence of speculative 
bubbles in Bitcoin prices and warned of the contagious nature of such speculative price bubbles.
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Richardson (2014) argued that, despite its speculative nature, Bitcoin was gaining 
importance as an investment alternative due to its similar portfolio diversification char-
acteristics to alternative investment instruments. Hakim das Neves (2020) identified the 
safe heaven characteristics of Bitcoin in times of global crisis and considered it an alter-
native investment for global investors. Bitcoin also provided attractive features, like high 
speed and low-cost transactions, compared to traditional payment methods. Feng et al. 
(2018) identified the presence of informed trading in Bitcoin US dollar market, whereby 
informed traders make significant profits on their private information ahead of crypto-
currency-related events. The authors attributed such informed trading to the unregu-
lated environment of cryptocurrency markets. Bitcoin transactions, unlike those in the 
traditional payments system, do not require intermediaries (Chiu and Koeppl 2019). 
Kovanen (2019) argued that the growing interest of speculative investors in cryptocur-
rency trading and the digitalization of currencies around the world are likely to encour-
age central banks to accept cryptocurrencies as mainstream currencies. Brandvold et al. 
(2015) found that the currency of trade for Bitcoin was an important determinant of the 
price differences in different alternative currencies’ Bitcoin exchanges, which could pro-
vide significant value addition for speculative investors and portfolio diversification.

Similarly, Makarov and Schoar (2020) found the existence of deviation in cryptocur-
rencies’ price across countries and suggested that arbitrage opportunities were present 
in alternative currency cryptocurrency trading. Dyhrberg (2016) found that Bitcoin pos-
sesses significant hedging benefits similar to gold for FTSE index stocks and the US dol-
lar, whereas Bouri et al. (2017a) found Bitcoin to be a significant hedge against global 
uncertainty over a short horizon. Bitcoin was also found to provide portfolio diversifi-
cation benefits for stocks, bonds, and commodity portfolios (Platanakis and Urquhart 
2019). Corbet et al. (2019) argued that despite the questions raised about the unregu-
lated and underdeveloped cryptocurrency market, it was considered to be a financial 
asset by many investors for portfolio diversification. Platanakis et  al. (2018) examined 
naïve and optimal portfolio diversification techniques in the cryptocurrency market 
and found little performance difference in the two construction techniques. Antonaka-
kis et al. (2019) found evidence of hedging capabilities during a crisis period for cryp-
tocurrency markets. Guesmi et  al. (2019) and Qarni et  al. (2019) also found evidence 
of hedging and portfolio diversification for Bitcoin investment against investment risk. 
Katsiampa (2019) provided evidence based on optimal portfolio weights and found 
that Bitcoin outweighs Ether as a means of portfolio diversification. Beneki et al. (2019) 
analyzed the volatility spillover between Ethereum and Bitcoin markets and found the 
existence of delayed response in the Bitcoin market to volatility shocks in the Ethereum 
market. The authors also concluded that this behavior in the Bitcoin market left room 
for speculative profit-making opportunities in the Bitcoin market. Portfolio diversifica-
tion benefits of cryptocurrencies were also found by Fang et al. (2020), who stated that 
portfolio diversification through cryptocurrencies could be achieved by including cryp-
tocurrencies in portfolios of global stocks and futures. Urquhart and Zhang (2019) pro-
posed that Bitcoin is an effective hedge instrument for the euro, Swiss franc and British 
pound sterling, whereas for the Japanese yen, Canadian dollar, and Australian dollar, it 
is an effective portfolio diversifier. Similarly, Liu (2019) found the presence of portfolio 
diversification benefits for cryptocurrencies by inclusion with traditional asset classes. 
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Meanwhile, Kyriazis (2019b) found Bitcoin to be the most significant transmitter and 
receiver of volatility spillover to and from other cryptocurrencies. The author found 
that volatility spillover transmission was present among Bitcoin and global national 
currencies.

Bouri et  al. (2017b) found that Bitcoin provides a low hedge for major world stock 
indexes, bond, oil, gold, commodities, and the US dollar. However, the author found that 
Bitcoin was a significant diversifier for the aforementioned conventional and alterna-
tive investments. The ongoing debate and the presence of mixed evidence regarding the 
Bitcoin market’s efficiency, speculative nature, and portfolio diversification capabilities 
highlight the continued existence of a research gap that requires further analysis. Past 
research has also highlighted the presence of varying efficiency across Bitcoin exchanges 
denominated in alternative currencies. This finding has significant portfolio diversifica-
tion benefits that need to be explored.

Existing studies on the spillover dynamics of Bitcoin denominated in alternative cur-
rencies is scarce; most studies have focused on Bitcoin price data for a single currency, 
mainly the US dollar, or the weighted average price for Bitcoin. Similarly, for foreign 
exchange pairs, researchers have analyzed the foreign exchange of currencies against a 
single currency, mainly the US dollar, or the weighted average exchange rate against a 
group of currencies, thereby limiting evidence on the portfolio diversification benefits 
of alternative currency exchange rates. The present study covers this research gap on 
the unexplained nature of volatility spillover from the Bitcoin market to the foreign 
exchange pairs denominated in six major trading currencies. In this study, we expand 
the existing research by including Bitcoin price data for six major trading currencies, 
and cross-currency foreign exchange rates for six major trading currencies. This pro-
vides a more comprehensive dataset for analysis of spillover and contagion dynamics 
from the Bitcoin market than the existing literature.

Methodology
In the past, many methods have been developed to investigate and measure spillo-
ver and contagion among conventional and alternative investment assets and markets 
(Gulzar et  al. 2019). Derived from the Markowitz (1952) portfolio theory, correla-
tion among conventional and alternative investment assets was considered as a major 
measure and transmission channel for spillover and contagion. However, this method 
was not free from criticism. The argument in favor of the contagion effects of crisis 
was criticized by some researchers based on the fact that these correlations were not 
adjusted for heteroskedasticity. If the correlations among the economies in the event 
of crisis were adjusted for the effect of heteroskedasticity, the result would show no 
increase in the correlation among the economies during the crisis event. Rather, it 
can be interpreted as the existence of interdependence among the economies (Basu 
2002; Bordo and Murshid 2001; Forbes and Rigobon 2002). To overcome the defi-
ciencies of the correlation model as a measure of spillover and contagion, multivari-
ate GARCH models were developed but were also not free of flaws. The estimates 
of the BEKK-MGARCH model (Engle and Kroner 1995) do not provide a straight-
forward interpretation for the magnitude and direction of spillover and contagion 
due to the model’s non-linear measurement properties. On other hand, the constant 
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conditional correlation model (Bollerslev 1990) provides a constant conditional cor-
relation (CCC) measure for the entire sample period analyzed, which contradicts 
reality, as conditional correlation does not remain constant over time. Thus, to cap-
ture the dynamic nature of conditional correlation among asset prices, a dynamic 
conditional correlation multivariate GARCH (DCC MGARCH) model was developed. 
The DCC MGARCH model provided a single measure of spillover and contagion for 
the entire set of economies, making it vague with respect to identifying the direction 
and magnitude of spillover among individual markets (Engle and Sheppard 2001). The 
criticism on the past research regarding contagion literature leaves room for further 
analyses on the topic.

Over time researchers have improved the methodological tools on the existence 
of contagion among interlinked economies. Diebold and Yilmaz (2009) developed a 
spillover index method to estimate the spillover among global equity markets but it 
is flawed, as the results depend on the ordering of the variables. The dependence of 
results on the ordering of the variables was eliminated by Diebold and Yilmaz (2012), 
who provided measures to estimate the average static and dynamic spillover, along 
with directional and pairwise measures of spillover. This also allows estimation of 
time-varying dynamics of spillover for conventional and alternative investment 
assets. Diebold and Yilmaz (2012) provided only an aggregate measure of volatility 
spillover but could not analyze the separate influence of positive and negative spillo-
ver. The concept of asymmetric spillover was introduced by Barunik et al. (2015), by 
estimating separate N-variable vector autoregressive (VAR) models for positive and 
negative spillover. This method measured the isolated influence of positive volatility 
on positive and negative volatility on negative volatility only. However, it is significant 
to include the effect of negative volatility on positive volatility and vice versa. Barunik 
et al. (2017) extended the method by applying a single VAR model of 2N variables that 
includes both positive and negative volatilities for each variable. This model provides 
a more accurate measure for studying the influence of positive and negative volatil-
ity spillover in financial and alternative asset markets. Barunik et al.’s (2017) method 
accounts for the influence of positive and negative volatility only at aggregate fre-
quency level; however, micro-analysis of spillover under the time frequency domain 
is very important to understand the speed of spillover transmission among integrated 
markets. Barunik and Krehlik (2016) provided a method to measure the estimates 
of spillover under time frequency domains. This method was further extended by 
Barunik and Křehlík (2018) to provide better estimates of frequency connected under 
time frequency domains.

With these attractive features, the joint application of the spillover index (Diebold 
and Yilmaz 2012), spillover asymmetric measures (Barunik et al. 2017), and frequency 
connectedness (Barunik and Křehlík 2018) methods provides deeper insights into the 
nature and dynamics of volatility spillover from Bitcoin markets and foreign exchange 
pairs denominated in six major trading currencies. These methods are the latest inno-
vations and the most appropriate for analyzing the comprehensive nature and dynam-
ics of spillover among conventional and alternative investment assets (Qarni and 
Gulzar 2018, 2019, 2020). These methods are widely used to study the dynamics of 
return and volatility spillovers among integrated markets.
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Spillover index

Research on volatility spillover dynamics among financial markets was revolutionized 
by the introduction of the spillover index method under the VAR framework by Diebold 
and Yilmaz (2009). Due to the application of Cholesky factorization by the original Die-
bold and Yilmaz (2009) spillover index model, the results were dependent on the order-
ing of the variables. For Diebold and Yilmaz’s (2009) model, it was necessary to place 
the most significant variable first. However, this knowledge in advance is unknown, 
and thus, to make the results independent of the ordering of the variables, Diebold and 
Yilmaz (2012) improved the model. Diebold and Yilmaz’s (2009) model is limited in abil-
ity, because it calculates only the total directional volatility spillover to or from each 
market from or to all other markets, and cannot estimate the directional volatility spillo-
ver to or from each market from or to other individual markets. The estimates of indi-
vidual directional volatility spillover are important to identify the net receiver and net 
transmitter of volatility so that source of volatility spillover can be identified. In Diebold 
and Yilmaz’s (2012) generalized VAR method, the estimation of volatility spillover is 
based on the VAR model developed by Engle et al. (1988). However, under Diebold and 
Yilmaz’s (2012) method, aggregate spillover effects among markets are estimated using 
variance decomposition. To calculate the volatility spillover for each market i, we sum 
the shares of its forecast error variance that is due to shocks to market j, for all j  = i , 
and then we sum across all i = 1, . . .N  . By application of the generalized VAR model of 
Koop et al. (1996) and Pesaran and Shin (1998) and Diebold and Yilmaz (2012) made the 
results of the spillover index independent of the ordering of the variables. Diebold and 
Yilmaz’s (2012) model also allows for the estimation of net directional volatility spillover, 
thereby overcoming the limitation of the previous model by Diebold and Yilmaz (2009). 
In this study, Diebold and Yilmaz’s (2012) spillover index method, which eliminates the 
dependence of the results on the ordering of variables, is applied to analyze the average 
and directional volatility spillover behavior from Bitcoin markets and foreign exchange 
pairs denominated in six major trading currencies. The method is explained as follows.

Consider N-variable VAR (p), which is covariance stationary,

where xt = x1,t , x2,t and � is a 2× 2 parameter matrix. In the present study x is a vector 
of volatilities for each of the selected markets. A vector of error terms that is independ-
ent and identically distributed is represented by εt.

Equation  (2) estimates the moving average, where N × N  coefficient matrixes fol-
lowing the recursion Ci = θ1Ci−1 + θ2Ci−2 + · · · + θpCi−p are represented by Ci . The 
identity matrix with Ci = 0 for i < 0 is represented by C0 . H-step ahead forecast error 
variance in xi is due to shock to xi , for i = 1, 2, . . .N  is calculated as own spillover and 
H-step ahead forecast error variance in xi is due to shock to xj , i, j = 1, 2, ....N  , such that 
j  = i is calculated as cross-market spillover.

(1)xt =

p
∑

i=1

�txt−i + εt ,

(2)xt =

∞
∑

i=0

Ciεt−i,
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Orthogonality achieved by employing Cholesky factorization makes the resulting 
variance decomposition dependent on the ordering of the variables. This issue is solved 
under Diebold and Yilmaz’s (2012) method by applying the generalized VAR method of 
Koop et al. (1996) and Pesaran and Shin (1998). This H-step ahead forecast error vari-
ance (Koop et al. 1996; Pesaran and Shin 1998) is computed as

where the matrix of ε is denoted by � , the standard deviation of error term for equation 
i is denoted by σii , and the selection vector with one as the ith element or zero otherwise 
is denoted by ei . Because the shock to each variable is not orthogonalized, the row sum 
of variance decomposition does not equal 1.

The diagonal elements in the matrix of volatility spillover index represent the own 
market’s volatility spillover contribution. Off-diagonal row elements of the volatility 
spillover index matrix represent the volatility spillover contribution from others to a 
market, whereas the off-diagonal column elements of the volatility spillover index matrix 
represent the volatility spillover contribution to others from a particular market. Each 
entry of the variance decomposition matrix is normalized by the sum of the row and col-
umn to compute the spillover index as follows:

as per construction, 
∑N

j=1 γ̃
g
ij (H) = 1 and 

∑N
i.j=1 γ̃

g
ij (H) = N .

The total volatility spillover is computed as

Spillover asymmetry measure

Spillover asymmetry measures (SAM) among Bitcoin markets and foreign exchange 
pairs for six major trading currencies are examined by applying Barunik et al.’s (2017) 
SAM method. In contrast to the spillover index method (Diebold and Yilmaz 2012), 
to measure spillover asymmetry (Barunik et al. 2017) a 2N-variable VAR (p) is applied 
by decomposing each volatility series into positive and negative volatilities. The SAM 
is calculated by taking the difference of positive and negative spillover. The TO and 
FROM spillover is calculated by taking the sum of the corresponding row and column 
of the 2N × 2N  spillover matrix computed by the standard Diebold and Yilmaz (2012) 
model and subtracting the main diagonal of the 2N × 2N  spillover matrix and the two 

(3)γ
g
ij (H) =

σ−1
ii

∑H−1

h=0

(

e
′

iCh�ei

)2

∑H−1

h=0

(

e
′

iCh�C
′

hei
)

,

(4)
N
∑

j=1

γ
g
ij (H) �= 1

(5)γ̃
g
ij (H) =

γ
g
ij (H)

∑N
j=1 γ

g
ij (H)

(6)Sg (H) =

∑N
i,j=1

i �=j

γ̃
g
ij (H)

∑N
i.j=1 γ̃

g
ij (H)

× 100 =

∑N
i,j=1

i �=j

γ̃
g
ij (H)

N
× 100
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sub-diagonals in the N × N  sub-matrixes on the lower left and the upper right of the 
2N × 2N  main matrix. The notion of SAM was introduced by Barunik et al. (2015) and 
extended by Barunik et al. (2017) by including positive and negative volatilities in a sin-
gle VAR model of 2N variables.

The SAM with H-step ahead forecast at time t , SAMH
2N , is defined as the difference 

among volatility spillovers due to positive and negative spillover. The directional TO 
SAM is calculated as

where Sgi,(H) and Sgi+N ,
(H) are volatility spillover due to positive and negative volatili-

ties, respectively. If SAM is positive, it indicates larger positive volatility spillover than 
negative volatility spillover. In case SAM is negative, it indicates larger negative volatility 
spillover than positive volatility spillover.

Similarly, the directional FROM SAM can be computed as follows:

Frequency connectedness

To analyze the frequency connectedness within Bitcoin and foreign exchange pairs for 
six major trading currencies, we employed Barunik and Křehlík’s (2018) method. The 
model employs spectral representations of variance decomposition method of Dew-
Becker and Giglio (2016) to estimate unconditional connectedness in time frequency. 
Frequency connectedness relations in time frequency domain were first introduced by 
Barunik and Krehlik (2016) and extended by Barunik and Křehlík (2018). The frequency 
connectedness method of Barunik and Křehlík (2018) analyzes the spectral representa-
tion of variance decomposition estimated from frequency responses to shocks, replac-
ing the impulse responses to shocks. The frequency response function is estimated as a 
Fourier transform.

We allow the spectral behavior of series Xt to decompose the generalized impulse 
response function as follows:

In Eq. (9), Sx(w) denotes the power spectrum that defines the distribution of Xt vari-
ance over the frequency domain w . In Eq.  (9), frequency is denoted by w and infinite 
horizon connectedness is denoted by ∞ , and calculated as �(e−ihw) =

∑∞
h=0�he

−ihw 
(Barunik and Krehlik 2016). On a specific frequency w , the unconditional generalized 
forecast error variance decomposition is computed as

Equation (10) can be standardized as

(7)SAMH
2N ← • = S

g
i,(H)− S

g
i+N ,

(H)

(8)SAMH
2N → • = S

g
,j (H)− S

g
,j−N (H)

(9)Sx(w) =

∞
∑

h=0

E(XtXt−h)e
−ihw = �

(

eihw
)

(10)(�(w))i,j =
σ−1
jj

∑∞
h=0

(

�
(

e−ihw
)
∑

)2

i,j
∑∞

h=0

(

�
(

e−ihw
)
∑

�
(

eihw
))

i,i
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Barunik and Křehlík (2018) suggested an accumulative connectedness measure over a 
random frequency band d = (a; , b) , expressed as

The total connectedness inside a frequency band d can be expressed as

A measure of Cd near to unity specifies high connections inside the spectral band 
d = (a; , b) . The within from connectedness calculates the influence of one market 

(

i  = j
)

 
on another market i within a specific spectral band d , which can be expressed as

The within to connectedness calculates the contribution to one market 
(

i  = j
)

 by 
another market i within a specific spectral band d , which can be calculated as

The overall connectedness C can be calculated as Sg (H) =
∑

d C̃
d (Diebold and 

Yilmaz, 2012).

Data and descriptive
This study investigates the dynamics of volatility spillover between Bitcoin markets and 
foreign exchange pairs denominated in six major trading currencies data for each Bitcoin 
index; the foreign exchange pairs consist of 1567 observations dated from September 17, 
2014 to December 31, 2018. The volatility is calculated using the normalized high, low, 
and closing price for the markets (Rogers and Satchell, 1991) as

where Ph,t is the high price, Pl,t the low price, and Pc,t the closing price on day t . The 
Rogers and Satchell (1991) volatility estimator is used, because it is more efficient than 
classical volatility estimators and is drift independent, as confirmed by Shu and Zhang 
(2006).

The descriptive statistics (Table  1) shows the presence of negative mean volatility 
for all series except EUR:BTC, CAD:BTC, EUR:USD, BPS:USD, BPS:EUR, AUD:EUR, 
CAD:EUR, and CAD:EUR. The standard deviation statistics indicate that the volatilities 

(11)
(

�̃(w)
)

i,j
=

(�(w))i,j
∑k

j=1 (�(w))i,j

(12)
(

�̃d

)

i,j
=

∫ b

a

(

�̃(w)
)

i,j
dw

(13)Cd =

∑k
i=1,i �=j

(

�̃d

)

i,j
∑

i,j

(

�̃d

)

i,j

= 1−

∑k
i=1

(

�̃d

)

i,i
∑

i,j

(

�̃d

)

i,j

(14)Cd
i← =

k
∑

j=1,i �=j

(

�̃d

)

i,j

(15)Cd
i→ =

k
∑

j=1,i �=j

(

�̃d

)

j,i

σ 2 = Ph,t
(

Ph,t − Pc,t
)

+ Pl,t
(

Pl,t − Pc,t
)
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for the Bitcoin markets are higher than the foreign exchange volatilities. The Bitcoin 
prices increased significantly during the Cyprus crisis (2013), as investors favored Bit-
coin and the Bitcoin market in Europe exhibited extreme volatility and positive skewness 
over the long run (Bouri et al. 2017a, b). The statistics for the skewness, kurtosis, and the 
Jarque–Bera test indicate that none of the series is normally distributed. The augmented 
Dickey–Fuller statistics are significant and show that all series are stationary at level.

Results and discussion
Volatility spillover index

The volatility spillover index in Table 2 presents the average volatility spillover among 
the Bitcoin markets and foreign exchange pairs denominated in major trading curren-
cies. The average volatility spillover among Bitcoin markets and the foreign exchange 
pairs denominated in major trading currencies is 58.3% during the sampled period. The 
highest own market volatility spillover contribution is shown by EUR:BTC (98.41%), with 
only 1.59% contributions from others to its volatility and 1.07% contributions to others’ 
volatility from EUR:BTC. Hence, the EUR:BTC market is the most isolated market in the 
sample and thus, is least vulnerable to volatility spillover from other markets in the sam-
ple. The isolated nature of EUR:BTC signifies its portfolio diversification capabilities for 
the foreign exchange portfolios of major trading currencies and hence, its usage as a risk 
minimization instrument.

Table 1 Descriptive statistics Bitcoin markets and foreign exchange pairs denominated in six major 
trading currencies

Statistics rounded to two decimal places. All statistics are significant at 1% level of significance

Mean Std. Dev Skewness Kurtosis Jarque–Bera ADF

USD:BTC − 0.03801 0.30577 − 0.50932 9.06559 2469.92 − 20.67

EUR:BTC 0.91871 26.57034 27.93238 781.32210 39,756,500.00 − 10.20

JPY:BTC − 0.04743 1.15170 − 7.40495 162.75280 1,680,626.00 − 26.68

BPS:BTC − 0.01237 0.74058 10.96821 274.24240 4,835,088.00 − 39.98

AUD:BTC − 0.01023 0.71204 5.98157 136.75740 1,177,480.00 − 38.99

CAD:BTC 0.03305 1.65115 29.65057 1052.49300 72,144,113.00 − 39.26

EUR:USD 0.00010 0.00079 0.48425 4.98712 319.06 − 31.44

JPY:USD − 0.00235 0.02934 0.01502 6.78541 935.65 − 20.15

BPS:USD 0.00016 0.00235 3.42643 43.34675 109,351.90 − 20.89

AUD:USD − 0.00005 0.00193 − 0.04822 3.75849 38.17 − 21.90

CAD:USD − 0.00003 0.00147 0.23751 4.31304 127.30 − 21.18

JPY:EUR − 0.00120 0.03131 0.16034 5.75508 502.31 − 30.60

BPS:EUR 0.00010 0.00147 2.01611 20.45046 20,944.09 − 25.71

AUD:EUR 0.00000 0.00272 − 0.26640 4.49751 164.95 − 22.37

CAD:EUR 0.00001 0.00260 0.22323 5.19260 326.90 − 20.40

BPS:JPY − 0.00072 0.04261 2.20108 26.98316 38,820.52 − 20.65

AUD:JPY − 0.00189 0.03514 0.13301 4.04153 75.45 − 21.42

CAD:JPY − 0.00158 0.03525 − 0.05623 4.44807 137.74 − 19.73

AUD:BPS − 0.00006 0.00448 1.09993 12.43578 6129.15 − 27.75

CAD:BPS − 0.00003 0.00406 0.66892 9.60634 2966.43 − 27.35

CAD:AUD 0.00006 0.00020 0.87474 7.65017 1611.71 − 21.24
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The CAD:JPY is the highest recipient of volatility spillover from others (76.27%), followed 
by AUD:JPY (74.87%), BPS:JPY (73.12%), and CAD:EUR (72.47%). The highest volatility 
spillover to CAD:JPY comes from AUD:JPY (13.03%) and the lowest volatility spillover to 
CAD:JPY comes from CAD:BTC (0.009%). The volatility spillover from the Bitcoin markets 
to CAD:JPY range from 0.009 to 0.154%, indicating minimal influence of Bitcoin markets 
on the volatility of the CAD:JPY pair. The evidence for minimum influence of Bitcoin mar-
kets on CAD:JPY highlights the fact that a crisis event in the Bitcoin markets has a mini-
mal impact on the CAD:JPY exchange rate. The presence of minimal influence from Bitcoin 
markets to CAD:JPY indicates its portfolio diversification abilities for CAD:JPY.

The CAD:JPY pair is the highest transmitter of volatility spillover to others (96.45%), fol-
lowed by BPS:JPY (88.45%) and CAD:EUR (84.72%). The highest volatility spillover from 
CAD:JPY occurs to JPY:USD (15.28%), followed by AUD:JPY (13.89%) and CAD:USD 
(13.09%). The volatility spillover from CAD:JPY to the Bitcoin markets range from 0.022 
to 0.25%, indicating less integration of foreign exchange markets with Bitcoin markets. The 
highest volatility spillover from CAD:JPY among the Bitcoin markets occurs to JPY:BTC 
(0.25) and the lowest volatility spillover among the Bitcoin markets occurs to CAD:BTC 
(0.022); this provides evidence of portfolio diversification for alternative currency Bitcoin 
trading. The findings indicate significant intra-Bitcoin market volatility spillover, with little 
influence from and to the foreign exchange pairs of major trading currencies.

The CAD:JPY volatility is most influenced by others (76.23%) and EUR:BTC volatil-
ity is least influenced by others (1.59%). CAD:JPY volatility also influences the volatility 
in others the most (94.45%) while EUR:BTC volatility least influences the volatility in 
others (1.07%). On average, there is a volatility spillover of 58.3% across the Bitcoin mar-
kets and the foreign exchange pairs denominated in major trading currencies, with most 
of the spillover due to intra-Bitcoin markets’ and intra-foreign exchange pairs’ volatility 
spillover. The presence of high intra-market volatility spillover in the Bitcoin and foreign 
exchange markets necessitates cross-market diversification among Bitcoin and foreign 
exchange pairs of major trading currencies to achieve an optimal diversified portfolio. 
The varying nature of portfolio diversification due to alternative currency Bitcoin trading 
was also identified by Vaddepalli and Antoney (2018), who revealed the varying nature 
of efficiency among the US dollar and euro Bitcoin markets. Similarly, in line with our 
findings, Urquhart and Zhang (2019) provided evidence of dissimilar portfolio diversifi-
cation capabilities possessed by alternative currency Bitcoin trading.

The time-varying patterns of volatility are analyzed by rolling window analysis 
with a 200-day window and 10-step forecast horizons. Using a small rolling window 
length increases variance and results in large mean square forecast errors (Pesaran 
and Timmermann 2002). The selection of window lengths should be such that it bal-
ances the increase in variance and loss of data in the initial window (Molodtsova 
and Papell 2009; Clark and West 2007). The 200-day rolling window is selected to 
capture enough information so that we do not capture irrelevant information or lose 
important information. The robustness of the applied models is checked by chang-
ing the rolling window length and the results are found to be robust, with low sen-
sitivity to rolling window length. The rolling window analysis captures the cyclical 
patterns in volatility spillover that are not captured by the static spillover index. 
The time-varying volatility spillover (Fig. 1) depicts varying patterns in response to 
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global financial and economic events, with decline in spillover during the second 
quarter of 2015 to the third quarter of 2015 due to stabilization of the Eurozone. The 
volatility spillover showed a rising trend thereafter until the fourth quarter of 2015 
due to the Chinese stock market crash on June 12, 2015.

In the first quarter of 2016, the volatility spillover among the Bitcoin markets and 
foreign exchange pairs denominated in major trading currencies declined as Chi-
nese stock market turbulence came to an end in February 2016. In June 2016, the 
volatility spillover showed a sharp increase due to the Brexit announcement on June 
23, 2016, with a gradual decrease afterward. In the fourth quarter of 2016, volatil-
ity spillover again increased due to uncertainty in global financial markets caused 
by a Chinese reform initiative in August 2016. By the start of the first quarter of 
2017, volatility spillover had fallen sharply, with eventual spikes in response to global 
financial events depicting more stable behavior. Another significant decline in vola-
tility spillover occurred during the fourth quarter of 2017, indicating stabilization of 
the financial system after the end of various crisis events, such as the Brazilian eco-
nomic crisis and OPEC’s world oil outlook for 2017.

The volatility spillover shows a steep rise from October 2017 to the second quar-
ter of 2018. By the start of the third quarter of 2018, volatility spillover depicted 
a declining trend until the end of the sample period, indicating more responsive 
behavior to the stabilization of global economic and financial system. The variation 
in volatility spillover dynamics among the analyzed markets shows the responsive 
behavior to various financial and economic events and thus, provides implications 
based on the close observation of such movements.
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Fig. 1 Average volatility spillover—Bitcoin markets and foreign exchange pairs denominated in major 
trading currencies. The Y-axis depicts the volatility spillover values and the X-axis depicts the time period
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Asymmetric connectedness among Bitcoin markets and foreign exchange pairs 

denominated in major trading currencies

Table 3 depicts the 2N variable volatility spillover index for positive and negative volatil-
ity spillover among the Bitcoin markets and foreign exchange pairs denominated in six 
major trading currencies. The findings revealed that volatility spillover (63.8%) among 
the Bitcoin and foreign exchange pairs for six major trading currencies has increased 
due to incorporation of separate influence of positive and negative spillover. This find-
ing clearly highlights the presence of asymmetry in the spillover among the selected 
markets.

The 2N variable volatility spillover index (Table 3) indicates that negative volatility for 
the CAD:BTC pair received the highest volatility spillover (81.24) from others and posi-
tive volatility for the CAD:JPY pair transmitted the highest volatility spillover (98.94) to 
others. Meanwhile, positive volatility for the EUR:BTC pair received the lowest volatil-
ity spillover (5.52) from others and transmitted the lowest volatility spillover (2.3) to 
other Bitcoin and foreign exchange pairs for six major trading currencies. The highest 
own market volatility spillover is depicted by positive volatility in EUR:BTC (94.16). The 
lowest own market persistence in volatility spillover is depicted by negative volatility in 
AUD:BTC (18.19).

The time-varying pattern depicted by average volatility spillover for the 2N variable 
model with positive and negative volatilities (Fig.  2) resembles the N variable volatil-
ity model; however, the average volatility spillover depicted by the 2N variable model 
of positive and negative volatilities depicts more responsive behavior to global financial 
and economic events with frequent spikes. The time-varying nature of SAM from each 
Bitcoin market and foreign exchange pair for six major trading currencies is depicted 
in Fig.  3. The graphical analysis clearly reveals the presence of asymmetric volatility 
spillover among the Bitcoin markets and foreign exchange pairs of six major trading 
currencies.

72

73

74

75

76

77

78

79

80

III IV I II III IV I II III IV I II III IV I II III IV

2015 2016 2017 2018
Fig. 2 Average volatility spillover for the 2N-dimensional VAR model with positive and negative volatilities—
Bitcoin markets and foreign exchange pairs of major trading currencies. The Y-axis depicts the volatility 
spillover values and the X-axis depicts the time period
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In depth analysis of the “FROM SAM” volatility spillover (Fig. 3) reveals that JPY:EUR, 
BPS:BTC, CAD:USD, CAD:JPY, AUD:USD, CAD:EUR, AUD:EUR, AUD:BPS, BPS:JPY, 
BPS:USD, AUD:BTC, CAD:BTC, EUR:USD, CAD:AUD, and BPS:EUR received net 
positive return spillover and BTC:USD, EUR:BTC, CAD:BTC, JPY:USD, JPY:BTC, and 
AUD:JPY received net negative return spillover from others during the sampled period. 
The highest net negative spillover from others was received by USD:BTC and the lowest 
net negative spillover from others was received by AUD:JPY. The highest net positive 
spillover was received by BPS:EUR and the lowest net positive spillover was received by 
JPY:EUR.

The findings of “TO SAM” volatility spillover (Fig.  4) reveal that AUD:USD, 
BPS:EUR, BPS:JPY, CAD:AUD, JPY:EUR, EUR:USD, CAD:BTC, AUD:BTC, and 
BPS:BTC transmitted net positive volatility spillover to others and USD:BTC, 
CAD:BPS, AUD:EUR, AUD:JPY, BPS:USD, CAD:USD, EUR:BTC, JPY:BTC, JPY:USD, 
AUD:BPS, CAD:JPY, and CAD:EUR transmitted net negative volatility spillo-
ver to others during the sampled period. The highest net positive spillover to oth-
ers was transmitted by BPS:BTC and the lowest net positive spillover to others was 
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transmitted by AUD:USD. The highest net negative spillover to others was transmit-
ted by USD:BTC and the lowest net negative spillover was transmitted by CAD:EUR. 
Analyzing the separate influence of positive and negative volatilities on the volatil-
ity spillover dynamics of the investigated markets provides significant information for 
portfolio managers. Selection of assets that depict high positive volatility spillover to 
and from others could improve the risk-adjusted returns for a diversified portfolio. 
Similarly, exclusion of assets that depict high negative volatility spillover to and from 
others could improve the returns and minimize portfolio risk.

Frequency connectedness

The frequency connectedness for volatility of Bitcoin markets and foreign exchange pairs 
for six major trading currencies is depicted in Table 4 and Fig. 5.

The static volatility frequency connectedness results (Table 4) indicate that volatility 
spillover for Bitcoin markets and foreign exchange pairs for six major trading curren-
cies is dominant at short frequencies. For volatility spillover frequency connectedness 
(Table  4), at short frequency, the highest “FROM” absolute (2.08) and within (3.51) 
connectedness with others is shown by AUD:BTC and the lowest “FROM” absolute 
(0.07) and within (0.12) connectedness with others is depicted by EUR:BTC. Mean-
while, as short frequency, the findings for “TO” absolute and within connectedness 
indicate that the highest “TO” absolute (2.61) and within (4.4) connectedness with 
others is shown by AUD:BTC and the lowest absolute (0.02) and within (0.03) con-
nectedness to others is shown by EUR:BTC.

At the long horizon, the highest “FROM” absolute (1.69) and within (4.16) connect-
edness with others is shown by BPS:JPY and the lowest absolute (0.06) and within 
(0.15) connectedness from others is shown by EUR:BTC. Meanwhile, at the long hori-
zon, the highest “TO” absolute (2.07) and within (5.1) connectedness with others is 
shown by CAD:JPY and the lowest absolute (0.04) and within (0.09) connectedness to 
others is shown by EUR:BTC.
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Fig. 5 Time varying frequency connectedness of the Bitcoin markets and foreign exchange pairs of 
major trading currencies. Band 3.14 to 0.79 corresponds 1 to 4 days (Short Horizon) and band 0.79 to 0.00 
corresponds 4 plus days to infinity (Long Horizon). The Y-axis depicts the volatility spillover values and the 
X-axis depicts the time period
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The time-varying dynamic frequency connectedness analysis for volatility spillover 
at short and long frequencies reveals that volatility spillover among the Bitcoin mar-
kets and foreign exchange pairs for six major trading currencies is dominant at short 
frequencies and the major spillover among them occurs within 4  days of an event. 
Among the Bitcoin investment markets in alternative trading currencies, EUR:BTC 
is identified to provide the most significant diversification benefits in crisis events at 
both short and long horizons, and thus, provides a better means of risk minimization 
than Bitcoin investment in other alternative trading currencies. Moreover, the aver-
age absolute connectedness among the Bitcoin markets and foreign exchange pairs 
denominated in major trading currencies is higher at the short frequency (34.19%) 
than at long frequency (24.35%). This clearly indicates that volatility spillover is more 
dominant over short frequencies among Bitcoin markets and foreign exchange pairs 
denominated in major trading currencies.

The rolling window frequency connected at short and long frequencies is depicted in 
Fig. 5. The graph reveals that short frequency spillover plays a dominant role in the over-
all spillover during the entire sample period. Occasionally, the dominant role of short 
frequency spillover is taken by long frequency spillover; this is most evident during 
September 2015 due to the increased severity of the Eurozone crisis. Long frequency 
dominance is also revealed during June and July 2016 at time when Chinese stock mar-
kets collapsed and there was uncertainty in global financial markets due to the Brexit 
announcement and Chinese reform initiatives.

Overall, the picture of frequency connectedness reveals that investors in the Bitcoin 
markets and foreign exchange markets denominated in major trading currencies pro-
cess information quickly and the spillover is more evident within the short horizon. The 
short frequency in our analysis depicts a 4-day time period, indicating that the major 
portion of volatility spillover among the Bitcoin markets and foreign exchange pairs of 
major trading currencies occurs within 4 days of an event due to fast-tracked informa-
tion transmission from advances in information technology. The dominant role of short 
horizon volatility spillover among the analyzed markets indicates the presence of effi-
ciency in these markets. The finding supports evidence of efficiency found by Urquhart 
(2016), who claimed that Bitcoin markets would eventually move toward efficiency as 
markets matured. Presence of efficiency in a market eliminates speculative trading and 
thus, prevent the formation of price bubbles. As per the findings of Fassas et al. (2020), 
new information should be reflected simultaneously in futures and spot prices of finan-
cial assets. The finding of short horizon volatility spillover among Bitcoin markets and 
foreign exchange pairs denominated in major trading currencies is in line with the find-
ings of Fassas et  al. (2020), indicating that new information is quickly incorporated 
among the asset prices of the analyzed markets.

The findings regarding the varying nature of portfolio diversification benefits for 
alternative currency Bitcoin trading are in line with the findings of previous pub-
lished research. Vaddepalli and Antoney (2018) provided evidence for varying nature 
of efficiency for the Bitcoin markets denominated in alternative currencies. Similarly, 
Urquhart and Zhang (2019) provided evidence for the varying nature of portfolio diver-
sification benefit of the Bitcoin market for different foreign exchange markets. This 
study contributes to evidence from past research supporting the inclusion of alternative 
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currency Bitcoin trading as an effective portfolio diversification tool in international for-
eign exchange markets.

Conclusion
The aim of the present study was to investigate the dynamics of volatility spillover 
from Bitcoin to the foreign exchange pairs of major trading currencies. The findings of 
Diebold and Yilmaz’s (2012) spillover index method, Barunik et  al.’s (2017) SAM, and 
Barunik and Křehlík’s (2018) frequency connectedness method showed evidence of 
low integration, asymmetric volatility spillover and a dominant role of short frequency 
connectedness among the Bitcoin markets and foreign exchange pairs denominated in 
major trading currencies, with time-varying patterns in response to various domestic 
and global events. Bitcoin’s unprecedented rise and investors’ increased confidence cata-
lyze the accelerated growth of cryptocurrencies. History suggests that the more rapid 
the appreciation, the more rapid the depreciation. Bitcoin, even after losing more than 
half of its value (from $19,800 to around $8000 per coin), is still experiencing a down-
ward trajectory over time. Despite these worrying forecasts, a Bitcoin collapse is unlikely 
to have any significant impact on financial markets.5

The evidence for low integration of Bitcoin markets with the foreign exchange market 
has significant implications for portfolio diversification and risk minimization. Investors 
in the foreign exchange market can use Bitcoins investment as a hedge against the risk 
associated with the foreign exchange market. Similarly, Bitcoin investors can add foreign 
exchange investment to their portfolios to diversify their risk associated with Bitcoin 
investments. Portfolio managers and speculative investors can utilize the information 
to create their minimum risk portfolio by diversifying their investment among foreign 
exchange and Bitcoin markets. The Bitcoin market is newly established; therefore, his-
torical data for Bitcoin are limited to data from July 2010, creating a lower bound on 
the analysis period. The limitation on historical data prevented us from analyzing the 
spillover behavior between Bitcoin and foreign exchange markets denominated in major 
trading currencies during periods of turmoil in conventional and alternative asset mar-
kets. As a future line of work, academics and researchers are encouraged to explore the 
application of a tail-dependence approach within the Diebold–Yilmaz framework (Bouri 
et al. 2020; Saeed et al. 2020) to analyze the connectedness among Bitcoin, conventional 
assets, and alternative investment assets.

Appendix
See Tables 2, 3, 4 and 5.

5 Among many reasons accounted for Bitcoin bubbles to be potentially non-destructive, the most imperative suggests 
that to affect other financial markets, cryptocurrencies need to be embraced far more widely to gain a much greater 
share of leveraged investors’ assets.
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Robustness analysis
The robustness of the results is checked by changing the rolling window size to 250 days 
and the results are found to show low sensitivity to change in window size.

See Figs. 6, 7, 8, 9 and 10.

Table 5 VAR lag order selection criteria

LR sequential modified LR test statistic (each test at 5% level), FPE final prediction error, AIC akaike information criterion, SC 
Schwarz information criterion, HQ Hannan–Quinn information criterion
a Lag order selected by the criterion

Lag LogL LR FPE AIC SC HQ

0.00 109,714.25 NA 1.01e−87 − 140.72 − 140.65 − 140.70

1.00 111,446.14 3414.902 1.92e−88a − 142.3786a − 140.7926a − 141.7889a

2.00 111,771.30 632.3844 2.23e−88 − 142.23 − 139.13 − 141.08

3.00 112,058.68 551.1774 2.72e−88 − 142.03 − 137.42 − 140.32

4.00 112,285.69 429.2586 3.58e−88 − 141.76 − 135.63 − 139.48

5.00 112,491.50 383.6420 4.85e−88 − 141.46 − 133.82 − 138.62

6.00 112,777.37 525.1484 5.94e−88 − 141.26 − 132.10 − 137.85

7.00 113,122.97 625.5969 6.75e−88 − 141.14 − 130.47 − 137.17

8.00 113,455.23 592.4855a 7.80e−88 − 141.00 − 128.81 − 136.47

Fig. 6 Average volatility spillover (250 days rolling window)—Bitcoin markets and foreign exchange pairs 
denominated in major trading currencies. The Y-axis depicts the volatility spillover values and the X-axis 
depicts the time period
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Fig. 7 Average volatility spillover (250 days rolling window) for the 2N-dimensional VAR model with positive 
and negative volatilities—Bitcoin markets and foreign exchange pairs of major trading currencies. The Y-axis 
depicts the volatility spillover values and the X-axis depicts the time period
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Fig. 8 Directional FROM SAM (250 days rolling window)—Bitcoin markets and foreign exchange pairs of 
major trading currencies SAMH

2N,i←• The Y-axis depicts the volatility spillover values and the X-axis depicts the 
time period
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Fig. 9 Directional TO SAM (250 days rolling window)—Bitcoin market and foreign exchange pairs of major 
trading currencies SAMH

2N,i→• The Y-axis depicts the volatility spillover values and the X-axis depicts the time 
period
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