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Abstract
Whereas much research has largely investigated the safe haven, diversifier and hedge 
proprieties of cryptocurrency, very few papers have analyzed the hedging issue of 
cryptocurrency with other assets. As such, this paper attempts to investigate the pos-
sibility if Bitcoin can be hedged by selected fiat currencies (EUR, JPY and GBP) as 
Bitcoin prices have experienced high and persistent volatility. To do so, we compute 
optimal hedge ratios between Bitcoin and fiat currencies over the period 02/02/2012–
30/11/2017 based on the VAR-DCC-GARCH model, VAR-ADCC-GARCH model 
and VAR-component GARCH-DCC model. A rolling window analysis is employed 
to establish out-of-sample one-step-ahead forecasts of dynamic conditional corre-
lations between different assets. This leads to establish time-varying hedge ratios 
and thus dynamic cross-hedging Bitcoin/fiat currency markets. The empirical results 
clearly show the time-varying correlations between Bitcoin and fiat currencies under 
different specifications, implying a dynamic behavior of the relationship between 
such assets. For all the proposed models, such dynamic correlations are rather char-
acterized by trending downward over the period under study. The results also display 
time-varying hedge ratios which lead to an ongoing regular demand for rebalancing 
the hedged positions under different specifications. As a matter of fact, using various 
models which take into account different aspects of volatility and correlation struc-
tures allows to better implement dynamic hedging strategies.
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1 Introduction

Overwhelmingly, cryptocurrencies have become a widespread and fascinating phe-
nomenon which is eminently addressed by financial and governmental institutions 
as well as academic researchers. From a policy standpoint, digital currencies put 
forward a shift away from the established design of financial system infrastruc-
tures given their digital representation. They have interestingly soared in response 
to uncertainty surrounding the conventional economic and banking systems and the 
perceived failures of governments’ central banks during crises (e.g., European debt 
crisis of 2010–2013). Obviously, the advent of such new currencies brings into play 
the functioning and stability of the financial systems.

From a research standpoint, the digital currencies drew tremendous interest in the 
financial literature and significant attempts have been made in exploring different 
issues. Undoubtedly, the first interesting question deals with the nature of Bitcoin, if 
Bitcoin can be considered as an alternative currency or speculative asset (or invest-
ment). Whereas a currency can be characterized as a unit of account, medium of 
exchange and store of value, an asset does not conspicuously have the two first ones 
and can be apparently disentangled (Baur et al. 2017). Therefore, if the Bitcoin is 
considered as an investment, it could compete with other assets (e.g., stocks and 
government bonds). Rather, if it is employed as a currency to pay for service or 
goods, it might compete with other fiat currency and influences central bank’s mon-
etary policies. Selgin (2015) and Baeck and Elbeck (2015), among others, assert 
that Bitcoin represents a speculative asset rather than a currency. Yermack (2013) 
reports that many features such as a lack of a central governance structure, cyberse-
curity risks, the diversity of Bitcoin prices among different exchanges and Bitcoin’s 
comparatively low level of adoption hinder such cryptocurrency to be a currency. 
Using different data, Glaser et al. (2014) examined what users’ intentions were when 
changing their domestic into a digital currency. They clearly show that the interest 
of new users affects the Bitcoin volume traded at the exchange but not on the vol-
ume within the Bitcoin system. This implies that exchange users purchasing Bitcoin 
seem to keep such digital currency in their wallet for speculation purposes but do 
not employ it for paying goods or services. They also show that Bitcoin returns react 
on news about this crytocurrency, again implying that users perceive Bitcoin as an 
alternative investment. As well, Baur et al. (2017) reveal that Bitcoin is primarily 
used as investment rather than being employed for transactions (i.e., a medium of 
exchange) due to its high volatility and returns.

By considering cryptocurrency as an asset, other researchers thereafter tried to 
investigate some empirical proprieties of cryptocurrency prices and in particular 
the volatility dynamics. For instance, Katsiampa (2017) attempted to estimate and 
explain the Bitcoin price volatility by comparing several competing GARCH-type 
models. The results clearly indicate that the AR-CGARCH model performs very 
well, implying the importance of having both short-run and long-run components 
of conditional variance. Chaim and Laurini (2018) used different specifications 
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to apprehend the dynamics of daily Bitcoin returns and volatility. They reveal the 
importance of integrating permanent jumps to volatility. They also highlight the 
existence of two high volatility periods: the first one from late 2013 to early 2014 and 
the second one during the 2017 year. More recently, Ben Cheikh et al. (2019) inves-
tigated the asymmetric behavior of volatility in the major cryptocurrency markets 
(Bitcoin, Ethereum, Ripple and Litecoin) over the period 28/04/2013–01/12/2018. 
Using the Smooth Transition GARCH model, they show an inverted asymmetric 
reaction for the most of virtual currencies. In other words, good news tends to affect 
much more the volatility’s behavior than bas news. Katsiampa (2019) examine the 
volatility dynamics of Bitcoin, Ethereum, Ripple, Litecoin and Stellar Lumen over 
the period 07/08/2015–10/02/2018. The empirical results display that the condi-
tional variances of all the five digital currencies are significantly affected by past 
conditional volatility and previous squared errors. Also, asymmetric past shocks 
influence the current conditional volatility. The volatility dynamics of virtual cur-
rencies appear to be generally responsive to major news. Baur and Dimpfl (2019) 
analyze the asymmetric volatility effect for twenty cryptocurrencies. They show that 
positive shocks increase the volatility more than negative shocks. Such finding can 
be explained by the trading activity of uniformed investors (resp. informed inves-
tors) in the case of positive (resp. negative) shocks. Caporale and Zekokh (2019) 
search for the best (or set of) model(s) to model cryptocurrency price volatility 
based on different procedures (backtesting VaR and ES and Model Confidence Set 
procedure). They clearly display that employing classic GARCH models can lead to 
incorrect VaR and ES predictions and ineffective risk management, portfolio optimi-
zation and pricing of derivative securities.

In parallel, other researchers rather prefer to examine the role of cryptocurren-
cies from the perspective of investors. More explicitly, they investigate the safe 
haven, hedging and diversifying capabilities of Bitcoin given its weak negative or 
positive correlation with other assets. For instance, Dyhrberg (2015) analyzes the 
hedging ability of Bitcoin against stocks in the Financial Times Stock Exchange 
Index and the American dollar over the period 19/07/2010–22/05/2015. The results 
clearly display that Bitcoin is characterized by hedging capabilities against the 
FTSE Index. Bitcoin can be used as a hedge against the dollar in the short-term. 
Bouri et al. (2016a) show that Bitcoin has safe haven propriety over the pre-crash 
period. Such propriety nevertheless tends to vanish after the price crash of 2013. 
Bouri et al. (2017a, b) test if Bitcoin can hedge global uncertainty over the period 
17/03/2011–07/01/2016. They clearly display that Bitcoin has hedging capability 
against uncertainty at the extreme ends of the Bitcoin market and global uncertainty 
at shorter investment horizons. Bouri et al. (2017a, b) investigate the hedge and safe 
haven proprieties of Bitcoin against different assets (e.g., major world stock indices, 
bonds, gold and oil) over the period 07/2011–12/2015. They display that Bitcoin is 
poor hedge and can be considered as an effective diversifier for most of the cases. 
Otherwise, in a few cases, Bitcoin has hedge and safe haven proprieties which differ 
between horizons. Chan et al. (2018) investigate if Bitcoin can diversify and hedge 
risk against the Euro STOXX, Nikkei, Shanghai A-Share, S&P500 and the TSX 
index in dynamic way. They indicate that Bitcoin is (resp. is not) an effective strong 
hedge for all the indices based on monthly (resp. daily and weekly) data frequency. 
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Urquhart and Zhang (2019) examine if Bitcoin can act as hedge or safe haven against 
fiat currencies. They prove that Bitcoin plays a role of hedge (resp. diversifier) for 
the CHF, EUR and GBP (resp. AUD, CAD and JPY). They also show that Bitcoin is 
a safe haven for economic policy uncertainty.

From the aforementioned findings emerge two facts. First, Bitcoin presents high 
volatility and therefore can be considered as high risk investment. Second, the safe 
haven, hedge and diversifier proprieties of Bitcoin tend to vary according to data 
frequency, the nature of assets and methods. That is why Pal and Mitra (2019) 
instead seek to investigate the possibility of hedging Bitcoin prices with different 
assets (S&P500, gold and wheat) over the period 03/01/2011–19/02/2018. They 
find that Bitcoin can be hedged with gold, wheat and S&P500 based on different 
GARCH-type models (DCC-GARCH, GO-GARCH and ADCC-GARCH). Follow-
ing Pal and Mitra (2019), we compute optimal hedge ratios between Bitcoin and 
fiat currencies in order to explore whether Bitcoin can be hedged by such assets and 
therefore potential hedging strategy might be well-established. From methodologi-
cal standpoint, we employ VAR-DCC-GARCH model, VAR-ADCC-GARCH model 
and VAR-component GARCH-DCC model to adequately model volatilities and con-
ditional correlations between Bitcoin and fiat currencies. We also perform a roll-
ing window analysis to establish out-of-sample one-step-ahead forecast of dynamic 
conditional correlations. Such method can help to take into consideration changing 
variability into the data (Basher and Sadorsky 2016). This leads to compute optimal 
hedge ratios and thereby cross-hedging (fiat/virtual) currency markets.

The layout of this paper is as follows. Section 2 gives an outline of the method-
ology adopted. Section 3 presents the data used and the descriptive statistics. Sec-
tion 4 reports the empirical results. Section 5 highlights cross-hedges for virtual and 
fiat currency markets. Sections 6 and 7 discusses and concludes, respectively.

2  Related literature

Many researchers have largely focused on the role of Bitcoin in well-diversified 
portfolios. For instance, by employing dynamic conditional correlation model, 
Bouri et al. (2016b) analyze if Bitcoin can play a role of hedge and safe haven for 
major world stock indices, bonds, oil, gold, the general commodity index and the 
US dollar index. They report that Bitcoin is weak hedge but seems to be diversi-
fier. They also indicate that Bitcoin is strong safe haven against Asian stocks. Bouri 
et al. (2017a, b) examine if Bitcoin could hedge global uncertainty over the period 
17/03/2011–07/10/2016. They display that Bitcoin can be hedged against uncer-
tainty by positively reacting to uncertainty at both higher quantiles and shorter 
frequency movements of Bitcoin returns. Fang et  al. (2018) attempt to investigate 
if the long-run volatilities of global equities, commodities, bonds and Bitcoin are 
impacted by global economic policy uncertainty. They also study if the global eco-
nomic policy uncertainty can affect the correlation between Bitcoin and global equi-
ties, commodities, and bonds. The empirical results show that the long-run vola-
tilities of global equities, commodities and Bitcoin are affected by global economic 
policy uncertainty. So, the use of information about the state of global economic 
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uncertainty can improve the predictions of Bitcoin volatility. They also report that 
global economic policy uncertainty negatively (resp. positively) influences the 
Bitcoin-bonds (resp. both Bitcoin-equities and Bitcoin-commodities) correlation. 
Such results indicate that Bitcoin can act as a hedge under specific economic uncer-
tainty conditions. Corbet et  al. (2018) examine the relationships between crypto-
currencies and some financial assets. They report that cryptocurrency markets can 
be considered as a new investment asset class given that they are interconnected 
with each other and have some similar patterns of connectedness with other asset 
classes. They also display that digital currencies can provide diversification gains 
for investors with short investment horizons. Chan et al. (2018) analyze the hedging 
and diversifying properties of Bitcoin against the Euro STOXX, Nikkei, Shanghai 
A-Share, S&P500, and the TSX Index using different models. They display that Bit-
coin seems to be an effective strong hedge for all these indices only under monthly 
data frequency. Shahzad et al. (2019) examine whether Bitcoin is safe haven against 
stock market indices over the period 19/07/2010–22/02/2018. They report that Bit-
coin, gold, and the commodity index can be weak safe haven in some cases. Using 
a quantile-on-quantile regression approach, Selmi et al. (2018) analyze the depend-
ence structure between Bitcoin and crude oil in order to assess Bitcoin’s safe haven 
and hedging proprieties. They display that both Bitcoin and gold can be hedges, safe 
havens and diversifiers for oil movements. Such proprieties seem to depend on mar-
ket phases of Bitcoin, gold and crude oil (bear, bull and normal phases). Ji et  al. 
(2018) explore the relationships between Bitcoin and other assets using the directed 
acyclic graph. They report that the Bitcoin market seems to be quite isolated and no 
particular asset can affect this cryptocurrency market. Nonetheless, lagged relation-
ships between Bitcoin and some assets are well-documented, in particular during the 
bear market phase of Bitcoin. Bouri et al. (2018) examine the relationships between 
Bitcoin and other asset classes (equities, stocks, commodities, currencies and bonds) 
by studying return and volatility spillovers between different assets. They show that 
Bitcoin returns are related quite closely to those of most of the other assets, particu-
larly commodities. So, the Bitcoin market is entirely not isolated. The significance 
and sign of the spillovers show some differences in the two market conditions and 
the direction of the spillovers. In particular, Bitcoin receives more volatility that it 
transmits.

Urquhart and Zhang (2019) investigate if Bitcoin can be considered as a hedge or 
safe haven against world currencies. They evaluate the interactions between Bitcoin 
and currencies at the hourly frequency given that Bitcoin experiences high volatil-
ity. Using ADCC model, they display that Bitcoin can be considered as intraday 
hedge for the CHF, EUR and GBP, and a diversifier for the AUD, CAD and JPY. 
Wang et al. (2019) examine spillover impacts between Bitcoin and other assets in 
China and assess Bitcoin’s safe haven and hedging proprieties. They use the VAR-
GARCH-BEKK model to analyze mean and volatility spillover effects and cor-
relation structure between Bitcoin and other assets. They find that Bitcoin can be 
hedged against bonds, stocks and the Shanghai Interbank Offered Rate (SHIBOR) 
and seems to be safe haven against adverse price changes produced in the monetary 
market. Kristjanpoller and Bouri (2019) investigate long-range cross-correlations 
and asymmetric multifractality between some digital currencies (Bitcoin, Litecoin, 
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Ripple, Monero and Dash) and fiat currencies (Swiss Franc, Euro, British Pound, 
Yen and Australian dollar). By using the MF-ADCCA method, they find that a sig-
nificant asymmetric feature from the cross-correlation generally seems to be multi-
fractal and persistent. Ripple and Monero (resp. Litecoin and Bitcoin) show lower 
(resp. the most) multifractal behavior. Ghabri et al. (2020) examine the dependence 
structure between Bitcoin and some financial assets (MSCI world stock index, gold, 
crude oil and GEISAC Index). They clearly show that the presence of a potential 
benefit in diversifying the liquidity risk using Bitcoin instead of classical assets. 
Kliber et al. (2019) analyze the hedge, diversifier and safe haven proprieties of Bit-
coin on different stock markets. To do so, they estimate the dynamic conditional 
correlation between main stock indices and Bitcoin price (in local currencies) as 
well as main stock indices and the Bitcoin price (in the US dollar). Bitcoin seems to 
play different roles depending on stock market. Using different wavelet approaches, 
Al-Yahyaee et  al. (2019) study the interactions between Bitcoin and the Volatility 
Uncertainty Index (VIX). They clearly display that Bitcoin and VIX change over 
time and at different frequencies. They also show positive (in-phase) comovements 
between these two variables whereas negative (out-of-phase) comovements are well-
pronounced at low and high frequencies.

Conlon et  al. (2020) investigate the safe haven proprieties of cryptocurrencies 
during the outbreak of coronavirus. They analyze if there is a reduction in down-
side risk through pairing international equity index investments with portfolio allo-
cations to individual cryptocurrencies (Bitcoin, Ethereum and Tether). They show 
that Bitcoin and Ethereum do not have safe haven capabilities whereas Tether is safe 
haven for all the indices during the onset of coronavirus. Bouri et al. (2020c) study 
the safe haven capabilities of Bitcoin, gold and commodity index against world, 
developed, emerging, USA, and Chinese stock market indices during the period 
20/07/2010–22/02/2018. By using the wavelet coherency method, they display 
that the whole dependence between commodities/gold/Bitcoin and the stock mar-
kets tends to be weak at different time scales. In particular, Bitcoin seems to be the 
least dependent. Su et al. (2020) investigate the role of Bitcoin in preventing differ-
ent risks related to geopolitical events. They show that positive and negative effects 
derived from geopolitical risks toward Bitcoin prices. Bouri et al. (2020a) analyze 
the dynamic diversification capacity against equities. In this respect, they use DCC 
models to focus on the nexus between cryptocurrency and stock. They highlight that 
Bitcoin, Ethereum and Litecoin seem to be hedges, especially against Asian Pacific 
and Japanese equities, with evidence of a time variability in some cases. By using 
the cross-quantilogram approach, Bouri et al. (2020b) attempt to explore safe haven 
and hedging proprieties of some digital currencies against bearish fluctuations in 
the S&P500 and 10 equity sectors. They support that Bitcoin, Ripple and Stellar are 
safe havens for all US equity indices whereas Litecoin and Monero are safe havens 
for the aggregate US equity index and selected sectors. Rehman (2020) investigates 
the extreme dependence and risk spillover between Bitcoin and commodities (gold, 
silver, copper, wheat, platinum and palladium) over the period 04/2013–01/2018. 
The empirical results report the hedge capability of gold for Bitcoin. Rehman (2020) 
also highlights spillover from Bitcoin to precious metal market in terms of direc-
tional spillover from precious metals to Bitcoin; Silver remains insensitive to any 
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downside risk spillover. Rehman et al. (2020) examine the risk dependence between 
Bitcoin and Islamic equity markets. They report dynamic dependence between many 
Islamic index and Bitcoin. They also use VaR, CoVaR and ΔCoVaR measures to 
assess spillover between Bitcoin and Islamic equity markets. VaR of Bitcoin seems 
to surpass from VaR of Islamic indices and CoVaR of both Islamic and Bitcoin 
exceeds their respective VaR, indicating the existence of risk spillover between each 
other.

3  Empirical models

In this paper, we use the VAR-DCC-GARCH model, VAR-ADCC-GARCH model 
and VAR-component GARCH-DCC model. The DCC model of Engle (2002), the 
ADCC model of Cappiello et al. (2006) and VAR-component GARCH-DCC model 
of Engle and Lee (1999) are employed to model and estimate in a more suitable 
manner the volatility dynamics, conditional correlations and hedge ratios between 
Bitcoin and virtual currency markets.

3.1  VAR‑DCC‑GARCH model

The VAR-DCC-GARCH model allows us to assess the extent of short-run comove-
ments between Bitcoin and fiat currencies. We rely on dynamic conditional corre-
lations obtained from the estimation of the following multivariate DCC-GARCH 
model of Engle (2002). In this regard, we consider the following process system1:

where Rt is a (l × 1) vector of equity returns, � is a (l × 1) vector of constant terms, 
Φ = diag

(
�1, �2 ,… , �l

)
 is a (l × l) diagonal matrix of coefficients, �t is a (l × 1) 

vector of the error terms of the conditional mean equations and �t is a sequence 
of i.i.d. random errors. The conditional variance–covariance matrix Ht is defined as 
follows:

where Dt = diag(

√
h1t ,

√
h2t ,…

√
hlt)

2 and Pt is the (l × l) conditional correlation 
matrix varying over time, i.e.,

(1)
{

Rt = � + ΦRt−1 + �t

�t = H
1∕2
t �t

(2)Ht = DtPtDt

1 The Bayesian information criteria are used to determine the optimal VAR Order. The results 
(not reported in this paper) are in favor of the VAR-DCC-GARCH(1,1) process to model the volatil-
ity dynamics and conditional correlations between selected assets. These results will be available upon 
request.
2 The conditional variances are specified as univariate GARCH(1,1) processes.



796 J. Majdoub et al.

1 3

The conditional volatility h can be written as:

is a symmetric positive definite matrix, Q̄ is the (l × l) matrix of unconditional vari-
ances of the standardized errors �t . The coefficients �1 and �2 are nonnegative scalars 
as the mean-reverting condition is satisfied, 𝜃1 + 𝜃2 < 1 . The conditional correlation 
coefficient between two assets, �ij,t , is then given by:

where qij,t is the element of the ith row and jth column of the matrix Qt . The model 
is estimated by the maximum likelihood estimation method based on the optimiza-
tion algorithm of Berndt–Hall–Hall–Hausman (BHHH).

3.2  VAR‑ADCC‑GARCH model

We also choose to employ the ADCC-GARCH model developed by Cappiello et al. 
(2006). The selection of such model is motivated by the findings of some research-
ers such as Zhou and Nicholson (2015) and Badshah (2018). These findings indicate 
that modeling covariance asymmetry between based on the ADCC model indicates 
that conditional volatility and correlations between returns increase more after nega-
tive return shocks than after positive shocks with the same scale. The model is a 
simple generalization of the DCC-GARCH model of Engle (2002).3

The correlation evolution equation in the ADCC-GARCH model is expressed as 
follows:

where Q̄ = E
[
𝜂t−1𝜂

�
t−1

]
 , A , B and G are diagonal coefficient matrices of order k, 

mt = I
[
𝜂t < 0

]
◦𝜂t ( I[⋅] ) is a k-indicator function that takes 1 if the argument is true 

and 0 otherwise, and ◦ is the Hadamard product, and M̄ = E
[
mtm

�
t

]
 . The correlation 

matrix is given by Pt =
(
�ij,t

)
= Q∗−1

t
QtQ

∗−1
t

, where Q∗
t
=
�√

qii,t

�
 , and the correla-

(3)Pt =
(
diag(Qt)

)−1∕2
Qt

(
diag(Qt)

)−1∕2

(4)hi,t = �i + �i�
2

i,t−1
+ �ihi,t−1

(5)where Qt =
(
1 − 𝜃1 − 𝜃2

)
Q̄ + 𝜃1𝜂t−1𝜂

�
t−1

+ 𝜃2Qt−1 is the (l × l)

(6)

𝜌ij,t =

(
1 − 𝜃1 − 𝜃2

)
q̄ij + 𝜃1𝜂i,t−1𝜂j,t−1 + 𝜃2qij,t−1

((
1 − 𝜃1 − 𝜃2

)
q̄ii + 𝜃1𝜂

2

i,t−1
+ 𝜃2qii,t−1

)1∕2((
1 − 𝜃1 − 𝜃2

)
q̄jj + 𝜃1𝜂

2

j,t−1
+ 𝜃2qjj,t−1

)1∕2

(7)
Qt =

(
Q̄ − A�Q̄A − B�Q̄B − G�M̄G

)
+ A�𝜂t−1𝜂

�
t−1

A + B�Qt−1B + G�mt−1mt−1G

3 It is worth noting that we use the univariate asymmetric GJR-GARCH(1,1) process developed by Glos-
ten et al. (1993). Other univariate GARCH-type models, including asymmetric models, are also consid-
ered, and the Bayesian information criterion is used to compare between them. The results (not reported 
in this paper) are in favor of the GJR-GARCH(1,1) process to model the volatility dynamics of the stock 
returns. These results will be available upon request.
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tion coefficient is �ij,t = qij,t∕
√
qii,tqjj,t. Cappiello et al. (2006) suggest to estimate the 

model based on the maximum likelihood method. In case of no normality, the results 
are deemed as the standard QMLE (quasi-maximum likelihood estimation) results.

3.3  VAR‑component GARCH‑DCC model

To decompose the volatility clustering into transitory and permanent shocks, we pre-
fer to use the VAR-DCC based on component GARCH model developed by Engle 
and Lee (1999). The component GARCH model provides an interesting extension of 
the classic GARCH model and can expressed as follows:

where Δrt is the first difference operator and �t is the time-varying error term (i.e., 
a measure of conditional volatility �2

t
 ). Equation (8) shows the specific conditional 

mean equation that follows an autoregressive process, the order (p) of which is 
selected based on uncorrelated errors. Equations (9) and (10) decompose the transi-
tory and permanent effect of conditional volatility,4 respectively.

The correlation evolution equation in the VAR-Component GARCH-DCC model 
remains the same for the VAR-DCC-GARCH model expressed in Eq. (5).

4  Data and preliminary analyses

We consider Bitcoin and three fiat currencies exchange rates expressed as the dollar 
price of foreign currency, namely EUR, GBP and JPY over the period from Febru-
ary 02, 2012, to November 30, 2017, a total of 1521 observations. The choice of 
selected fiat currencies and Bitcoin is due to the fact that portfolio holders (e.g., 
banks, investment fund and portfolio holders) tend to include generally currencies 
in their portfolios to hedge position and maintain assets liquidity. Also, the behavior 
of Bitcoin compared to conventional fiat currencies still remains unexplored, espe-
cially the presence and features (e.g., asymmetry) of cross-correlation between Bit-
coin and conventional fiat currencies. The data are obtained from the website “www.
inves ting.com”.

(8)Δrt = �0 +

p∑

i=1

�iΔrt−1 + �t

(9)�2

t
− qt = �(�2

t−1
− qt−1) + �(�2

t−1
− qt−1)

(10)qt = � + �(qt−1 − �) + Φ(�2
t−1

− �2

t−1
)

4 Note that the conditional volatility is mean reverting around the permanent volatility qt , the latter con-
verges to its mean of �∕(1 − �) . Accordingly, �2

t
− qt measures the transitory component of volatility 

with the speed of mean reversion of (� + �) . Given that the permanent volatility is more persistent than 
the transitory volatility, it is expected that 0 < (𝛼 + 𝛽) < 𝜌 < 1.

http://www.investing.com
http://www.investing.com
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Figure 1 displays that the time series plots of Bitcoin and fiat currencies over 
the sample period. The graphical evidence clearly seems to exhibit cyclical 
movements.

Figure  1 plots the behavior of currencies prices over the period 
02/02/2012–30/11/2017. Different behaviors of currencies prices are 
well-pronounced.

Afterward, the continuously compounded daily returns for Bitcoin and fiat cur-
rencies are expressed in percentage computed by multiplying the first difference 
of the logarithm of currency prices by 100: Rt = Ln

(
Pt

Pt−1

)
× 100 where Pt and 

 Pt−1 are the closing prices in market i at time t and t − 1. Table 1 reports a snap-
shot of descriptive statistics for daily returns of Bitcoin and fiat currencies. From 
Table  1, we show that the average return ranges from − 0.010% for GBP to 
0.486% for Bitcoin. EUR seems to be the least risky as it records the lowest 
standard deviation (0.529) among all the assets while Bitcoin is the most risky 
one with the highest standard deviation (5.250). The skewness coefficient is nega-
tive (resp. positive) for GBP and Bitcoin (resp. EUR and JPY) returns series, 
proving that the return distribution has a left tail (resp. right tail). For only Bit-
coin and GBP, the kurtosis coefficient is highly significant (resp. exceeding 
three), showing that the distribution of daily return is leptokurtic. The 
Jarque–Bera statistics are significant even at very low levels. Hence, the daily 
returns of Bitcoin and fiat currencies are not normally distributed. Figure 2 plots 
the daily returns of Bitcoin and fiat currencies. Many interesting facts emerge 

Fig. 1  Dynamic patterns of currencies prices
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Table 1  Descriptive statistics and statistical properties of return series

*, ** and *** indicate the rejection of the null hypothesis of the corresponding tests at 1, 5 and 10% lev-
els, respectively

Series BIT EUR GBP JPY

Observations 1520 1520 1520 1520
Mean 0.486 − 0.007 − 0.010 − 0.026
Median 0.271 − 0.004 − 0.006 0.000
Maximum 38.049 3.025 2.985 3.279
Minimum − 35.059 − 2.417 − 8.402 − 3.774
Std.dev 5.250 0.529 0.557 0.733
Coef.var 10.805 − 80.310 − 54.367 − 28.638
Skewness − 0.357 0.160 − 2.250 0.000
Kurtosis 10.133 2.182 35.326 1.897
JB 6535.401*** 307.954*** 80,317.241*** 227.835***
ARCH LM test(1) 156.151*** 29.435*** 44.059*** 15.905***
ARCH LM test(5) 283.903*** 57.774*** 53.184*** 23.845***
ARCH LM test(10) 293.132*** 69.326*** 58.464*** 32.371***

Fig. 2  Dynamic patterns of currencies price returns



800 J. Majdoub et al.

1 3

from Fig. 2: (1) all return series tend to fluctuate over time; (2) GBP appears to be 
less volatile than others; and (3) they seem to have volatility clustering behavior.

Table  1 presents a synopsis of descriptive statistics of the returns of different 
assets over the period 02/02/2012–30/11/2017.

Figure  2  plots the behavior of currencies prices over the period 
02/02/2012–30/11/2017. At first glance, some different patterns in the evolution of 
currencies prices with different bearish and bullish market phases.

The correlation matrix is reported in Table  2. More precisely, the first part of 
Table 2 reports the unconditional correlation estimates between Bitcoin and fiat cur-
rencies prices whereas the second part presents the unconditional correlation esti-
mates between daily returns of different assets. At first glance, a negative correla-
tion between Bitcoin and fiat currencies is well-documented at price level which still 
remains negative for only Bitcoin/GBP pair at return level. The average estimated 
unconditional correlation coefficient between fiat currencies (0.763 for EUR/GBP 
pair, 0.370 for GBP/JPY pair and 0.585 for JPY/GBP pair) is much better than the 
correlation estimates between Bitcoin and fiat currencies (− 0.201 for Bitcoin/EUR 
pair, − 0.483 for Bitcoin/GBP pair and − 0.279 for Bitcoin/JPY pair) at price level. 
At return level, rather, the unconditional correlation estimates between different 
assets seem not to be high enough, expect for the EUR/GBP pair (0.534). This can 
be a prima facie evidence to study and examine the advantage of combining virtual 
and fiat currencies.

Table  2 reports the correlations between assets which assess the relationships 
between fiat currencies and Bitcoin.

5  Empirical results and interpretation

Several versions of DCC models reported in Sect. 3 are estimated to improve the 
specification and give more information about the conditional volatility structure of 
selected series. First, we report the estimation results from the aforementioned mod-
els for Bitcoin and fiat currencies. Second, we produce a rolling window analysis 

Table 2  Empirical unconditional correlations between Bitcoin and fiat currencies

Level series BIT EUR GBP JPY

BIT 1 − 0.201 − 0.483 − 0.279
EUR 1 0.763 0.585
GBP 1 0.370
JPY 1

Return BIT EUR GBP JPY

BIT 1 0.001 − 0.014 0.023
EUR 1 0.534 0.260
GBP 1 0.086
JPY 1
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fixed at 1021 observations and 500 one-step-ahead dynamic conditional correlations 
with different models in order to compute optimal hedge ratio in effective way. This 
section is divided into main subsections.

5.1  Results from the model estimation

Tables  3, 4 and 5 report the estimation results of the VAR-DCC with different 
GARCH setting models under Student-t distributed innovation between Bitcoin and 
fiat currencies. The power term (skew) of returns for the predictable structure in the 
volatility pattern is positive and significant for all series.

From Table  3, the estimation results of VAR-DCC-GARCH model show that 
short-term volatility persistence for all return series is well-documented given that 
term � is significant at 1% level. The estimated coefficient � is significant at 1% level 
for all series, indicating long-term volatility persistence. Bitcoin shows the less mag-
nitude of summation for the GARCH terms. Such results clearly display that Bitcoin 
exhibits the less speed of convergence of the conditional volatility to its long-run 
equilibrium. Table 4 reports the estimation results for VAR-ADCC-GARCH model. 

Table 3  Estimates of bivariate 
VAR(1)-DCC-GARCH(1,1) 
model

*, ** and *** indicate the rejection of the null hypothesis of the cor-
responding tests at 1, 5 and 10% levels, respectively

BIT EUR GBP JPY

� 0.8368** 0.0007 0.0023* 0.0967
(0.3535) (0.0006) (0.0012) (0.1257)

�
1

0.2208*** 0.0342*** 0.0392*** 0.2519***
(0.0269) (0.0033) (0.0076) (0.0838)

�
1

0.7782*** 0.9640*** 0.9532*** 0.7471***
(0.0357) (0.0018) (0.0068) (0.1722)

skew 1.0340*** 0.9917*** 0.9801*** 0.9792***
(0.0226) (0.0329) (0.0305) (0.0071)

shape 3.1116*** 6.9515*** 5.5701*** 2.5706***
(0.1518) (1.1611) (0.8815) (0.2037)

�
1 0.0232***

(0.0054)
�
2 0.9384***

(0.0187)
mshape 5.2668***

(0.3144)
Model diagnostics
 Akaike 10.141
 Bayes 10.312
 Shibata 10.139
 Hannan-Quinn 10.205
 Obs. 1520
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The asymmetry coefficient g is positive and significant at 1% level for EUR return 
series, suggesting that the EUR exhibits asymmetric conditional volatility. Accord-
ingly, negative shocks increase the volatility of EUR exchange rate market more than 
positive shocks. GBP clearly shows significant asymmetric effect over the period 
02/02/2012–30/11/2017. The asymmetry coefficient g is significantly negative for 
Bitcoin series, implying that Bitcoin exhibits asymmetric conditional volatility.

Table 5 reports estimation results for VAR(1)-Component GARCH(1,1)-DCC 
model. From Table 5, we display that Bitcoin and fiat currencies show different 
risk behaviors in terms of transitory and permanent effects. Bitcoin shows the 
highest value of the transitory volatility (0.8677) and is significant at 1% level, 
while fiat currencies show the less value, except for the EUR which is not signifi-
cant. Such results display more long-term volatility persistence in Bitcoin series. 
Likewise, Bitcoin shows the highest GARCH value (0.1426) of the permanent 

Table 4  Estimates of bivariate 
VAR(1)-ADCC-GARCH(1,1) 
model

*, ** and *** indicate the rejection of the null hypothesis of the cor-
responding tests at 1, 5 and 10% levels, respectively

BIT EUR GBP JPY

� 0.7750** 0.0004 0.0022** 0.1354
(0.3383) (0.0005) (0.0011) (0.5582)

�
1

0.2538*** 0.0139** 0.0218** 0.3979
(0.0327) (0.0057) (0.0099) (0.4576)

�
1

0.7863*** 0.9723*** 0.9548*** 0.7032
((0.0366) (0.0037) (0.0053) (0.6980)

�
1

− 0.0809* 0.0255*** 0.0321* − 0.2071
0.0416) (0.0083) (0.0173) (0.5902)

skew 1.0312*** 0.9975*** 0.9799*** 0.9822***
(0.0227) (0.0335) (0.0306) (0.0113)

shape 3.1269*** 7.4759*** 5.6677*** 2.4953***
(0.1544) (1.2967) (0.9470) (0.1549)

�
1 0.0226***

(0.0050)
�
2 0.9399***

(0.0175)
�
3 0.0000

(0.0057)
mshape 5.2253***

(0.3097)
Model diagnostics
 Akaike 10.168
 Bayes 10.357
 Shibata 10.165
 Hannan-Quinn 10.238
 Obs. 1520
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volatility. Such findings can shed some light on the issue of volatility or shock 
spillover between Bitcoin and fiat currencies market. As well, Bitcoin has very 
high value of the autoregressive term (i.e., GARCH term) and the estimated coef-
ficient of shocks (i.e., ARCH term) in the permanent volatility displays high vola-
tility persistence. Fiat currencies show low magnitude and low volatility persis-
tence. Such results can be explained by the dramatic rise in Bitcoin return series.

Table  3 displays the estimation results of VAR-DCC-GARCH model. Most 
notably, short-term volatility persistence for all return series is well-pronounced.

Table 4 reports the estimation results for VAR-ADCC-GARCH model.
Table 5 presents the estimation results for VAR(1)-Component GARCH(1,1)-

DCC model. All in all, Bitcoin and fiat currencies display different risk behaviors 
in terms of transitory and permanent effects.

Table 5  Estimates of 
bivariate VAR(1)-component 
GARCH(1,1)-DCC model

*, ** and *** indicate the rejection of the null hypothesis of the cor-
responding tests at 1, 5 and 10% levels, respectively

BIT EUR GBP JPY

� 0.4503* 0.0007** 0.0021*** 0.0213***
(0.2636 (0.0003) (0.0005) (0.0043)

�
1

0.0750*** 0.0180 0.0555* 0.1559**
(0.0289) (0.0296) (0.0318) (0.0717)

�
1

0.8677*** 0.0331 0.0476*** 0.7248***
(0.0162) (0.4314) (0.3373) (0.1359)

� 0.9959*** 0.9983*** 0.9923*** 0.9947***
(0.0012) (0.0006) (0.0005) (0.0000)

� 0.1426*** 0.0331*** 0.0314*** 0.0608***
(0.0504) (0.0061) (0.0102) (0.0196)

skew 1.0388*** 0.9920*** 0.9818*** 0.9802***
(0.0229) (0.0335) (0.0306) (0.0071)

shape 3.1692*** 6.8338*** 5.6772*** 2.6872***
(0.1725) (1.0915) (0.8036) (0.2195)

�
1 0.0229***

(0.0056)
�
2 0.9378***

(0.0204)
mshape 5.4892***

(0.3208)
Model diagnostics
 Akaike 10.109
 Bayes 10.309
 Shibata 10.107
 Hannan-Quinn 10.184
 Obs. 1520



804 J. Majdoub et al.

1 3

Fig. 3  Time-varying correla-
tions between Bitcoin and fiat 
currencies returns
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Figure  3 plots the evolution of the fitted time-varying conditional correla-
tion coefficients between Bitcoin and fiat currencies estimated from the VAR-
DCC-GARCH model. All the graphs show that the conditional correlation tends 
to be instable and ranges between positive and negative values during the period 
02/02/2012–30/11/2017. This can be a prima facie evidence of the presence of high 
and low volatility regimes governing the correlation between Bitcoin and fiat cur-
rency markets. Again, such finding suggests the importance of analyzing the benefits 
and Bitcoin/fiat currencies portfolio diversification.

Figure 3 illustrates the dynamics of the fitted time-varying conditional correla-
tion coefficients between Bitcoin and fiat currencies estimated from the VAR-DCC-
GARCH model.

5.2  Dynamic conditional correlations based on a rolling window analysis

One-step-ahead dynamic conditional correlations are estimated by employing a roll-
ing window analysis. Again, the estimation window is fixed at 1021 observations 
and 500 one-step-ahead dynamic conditional correlations.

Figure 4a, b and c displays the one-step-ahead dynamic conditional correlations 
between Bitcoin and fiat currencies for different models. For each Bitcoin/fiat cur-
rency pair, the one-step-ahead dynamic conditional correlations retrieved from 
DCC-GARCH and ADCC-GARCH models seem to be quite similar (Fig.  4a and 
b, respectively). Such time-varying correlations are rather characterized trending 
downward over the period under study. The dynamic behavior of correlations for 
each Bitcoin/fiat currency pair calculated from the component GARCH-DCC model 
shows a slightly different pattern. They fluctuate between negative and positive val-
ues with different magnitudes. Once again, the trending downward seems to domi-
nate the behavior of the time-varying correlation. All the correlations thereby reveal 
the diversification benefits.

Figure 4a, b and c plots the dynamics of one-step-ahead conditional correlations 
between Bitcoin and fiat currencies for different models. All in all, different behav-
iors of conditional correlations are well-documented.

From Table  6, the dynamic conditional correlations computed from the comp-
DCC model seem to be less correlated with those provided from other models for 
each pair of correlations. The correlations between comp-DCC and DCC models (or 
ADCC and comp-DCC models) appear to be low compared to others for each pair 
of correlations. Such findings seem to be consistent with Fig. 4.

Table 6 reports asymmetric behaviors of conditional correlations from different 
models.

In order to check the robustness of the results, we investigate the news impact 
correlation surfaces plotted in Fig. 5. The DCC news impact correlation surface 
between Bitcoin and fiat currencies shows an interesting shape (Fig. 5a). Along 
the z_1 axis (Bitcoin), the correlation surfaces between Bitcoin and different fiat 
currencies trace out a positive to a negative pattern. Similarly, along the z_2 axis 
(fiat currencies), the correlation surfaces trace out a negative to positive relation-
ship. Accordingly, shocks between Bitcoin and fiat currencies show asymmetric 
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correlation effects. Moreover, the ADCC-GARCH and Component GARCH-DCC 
news impact correlation surfaces between Bitcoin and fiat currencies display a 
very similar shape to that obtained from the DCC model (Fig. 5b and c).

Fig. 4  a Rolling one-step-ahead 
DCC conditional correlations, 
b rolling one-step-ahead ADCC 
conditional correlations and c 
rolling one-step-ahead comp-
DCC conditional correlations
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Figures  5 illustrate the behaviors of the news impact correlation surfaces esti-
mated from different models.

6  Hedging Bitcoin with fiat currencies: evidence from optimal 
hedging ratios

This section successively presents how to compute the optimal hedge ratio and thus 
the dynamic hedging strategies. Afterward, the empirical results are reported in 
details.

Table 6  Correlations between 
correlations

BIT/EUR BIT/GBP BIT/JPY

DCC/ADCC 0.9910 0.9964 0.9963
DCC/comp-DCC 0.9684 0.9703 0.9478
ADCC/comp-DCC 0.9764 0.9707 0.9469

Fig. 5  a DCC news impact correlation surface, b ADCC news impact correlation surface and c comp-
DCC news impact correlation surface
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6.1  Hedging design

The empirical findings from analyzing and modeling the volatility dynamics of 
Bitcoin and fiat currencies as well as the dynamic correlation between differ-
ent currencies lead us to raise the question if it is possible to establish hedging 
strategies. Most notably, as point out by Daniel (2001), hedging strategies can 
significantly diminish price volatility and also bring in higher predictability and 
certainty without decreasing returns. To this end, we consider a hedged portfolio 
made up of Bitcoin and each selected fiat currency in which an investor seeks to 
protect himself from exposure to Bitcoin price movements by investing in fiat 
currency. From empirical standpoint, the estimated conditional covariance from 
the aforementioned models can be employed to compute optimal hedge ratios. 
Given a portfolio of Bitcoin and fiat currency, and following Basher and Sador-
sky (2016), the optimal hedge ratio is the one that minimizes the risk of the port-
folio, as be explained as follows.

Let RHP,t the return of a portfolio composed by the Bitcoin and fiat currency. It 
can be written as:

where RHP,t is the return on the hedged portfolio, RB,t is the return of Bitcoin and Rf ,t 
is the return of fiat currency and �t is the hedge ratio. If the investor is long in the 
Bitcoin’s position (long position), the hedge ratio is the number of fiat currency’s 
unities that has to be sold. In other words, a long position in one asset can be hedged 
with a short position in a second asset. Afterward, and following Basher and Sador-
sky (2016), the variance of the hedged portfolio conditional on the information set at 
time t − 1 can be expressed as follows:

The optimal hedge ratios represent the �t that minimizes the conditional vari-
ance of the hedged portfolio. The optimal hedge ratio conditional on the informa-
tion set It−1 can be provided by taking the partial derivative of the variance with 
respect to �t and setting the formula equal to zero (see, Baillie and Myers 1991):

As previously indicated, we obtain the conditional volatility from three types 
of models to build hedge ratio, as recommended by Kroner and Sultan (1993). 
Therefore, the hedge ratio between Bitcoin and fiat currency can be expressed as 
follows:

where hB f ,t represents the conditional covariance between Bitcoin and fiat currency 
and hf ,t is considered as the conditional variance of fiat currency returns. Once 

RHP,t = RB,t − �tRf ,t

var(RHP,t
||It−1) = var(RB,t

||It−1) − 2�t covar(Rf ,t,RB,t
||It−1)+�2

t
var(Rf ,t

||It−1)

�∗
t

||
|||
It−1 =

cov(RB,t,Rf ,t
||It−1)

var(Rf ,t
|
|It−1)

�∗
t
= hB f ,t

/
hf ,t
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computed, the optimal hedge ratio allows us to build a dynamic hedging strategy 
which consists on long position of 1 Bitcoin and a short position of � amount in fiat 
currency.

Afterward, we found the out-of-sample hedge ratios based on a rolling window 
analysis. In this respect, we make a one-period-ahead conditional volatility forecast 

Fig. 6  Rolling one-step-ahead 
optimal hedge ratios for differ-
ent models. a Rolling one-
step-ahead DCC optimal hedge 
ratios, b rolling one-step-ahead 
ADCC optimal hedge ratios and 
c rolling one-step-ahead com-
ponent GARCH-DCC optimal 
hedge ratios
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at time period t and these forecasts can be employed to establish a one-period-ahead 
hedge ratio. Then, we use the forecasted hedge ratios to construct the hedged port-
folio. A rolling window size of 1021 observations is employed to establish 500 one-
period-ahead hedge ratios.

6.2  Empirical results of hedging

Figure 6a, b and c displays the time-varying optimal hedge ratios estimated between 
Bitcoin and fiat currency (EUR, GBP and JPY) under DCC, ADCC and component 
GARCH-DCC models, respectively.

Figure 6a, b and c plots the dynamic optimal hedge ratios estimated between Bit-
coin and fiat currency.

At first glance, each optimal hedge ratio plotted in Fig. 6 does not evolve in the 
same way according to the selected model and fiat currency, even though all plots 
clearly exhibit cyclical swings. The hedge ratio for all portfolios (Bitcoin and fiat 
currency) tends to be low or even negative in some periods while it increases during 
other periods, implying varying costs for hedging risk. This is obviously due to the 
dynamics of correlation between assets (as clearly shown in Figs. 3 and 4). Figure 6 
also shows the existence of frequent and large spikes during the period, implying 
thus demand frequent rebalancing. From Fig. 6, different plots clearly show that the 
optimal hedge ratios computed between Bitcoin and Yen (BIT/JPY) perform very 
well over time, implying a greater hedging effectiveness. However, the DCC optimal 
hedge ratios calculated between Bitcoin and GBP (BIT/GBP) provide a low hedg-
ing effectiveness given the low values recorded by hedge ratio over time. Note also 
that the component GARCH-DCC optimal hedge ratios display more variability 
than either DCC or ADCC models, especially for BIT/JPY pair. Such results can 
be explained by the ability of component GARCH-DCC model to take into account 
some stylized facts in time series by decomposing volatility into transitory and per-
manent shocks. Overall, as reported by Cabera and Schulz (2016), the time-varying 
behavior of hedge ratio clearly indicates that for a sustainable risk management a 
dynamic hedging strategy is prominent.

Looking afterward deeper into correlations between the hedge ratios calculated 
from different models, we report the empirical results in Table 7.

Table 7 reports the correlations between the hedge ratios calculated from differ-
ent models.

From Table  7, the correlations between the hedge ratios under different mod-
els are high (above 0.9), except for BIT/JPY pairs (0.6639) from DCC/component 
GARCH-DCC models and 0.6328 from ADCC/component GARCH-DCC models. 

Table 7  Correlations between 
hedges ratios

BIT/EUR BIT/GBP BIT/JPY

DCC/ADCC 0.9789 0.9846 0.9929
DCC/comp-DCC 0.9628 0.9656 0.6639
ADCC/comp-DCC 0.9814 0.9805 0.6328
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This again confirms the aforementioned findings. The component GARCH-DCC 
model tends to more highlight the returns properties of time series, implying a dif-
ference in estimating the hedge ratios.

Table 8 summarizes a snapshot of the descriptive statistics for hedge ratio, includ-
ing the mean, minimum and maximum. As indicated by Cabera and Schulz (2016), 
the lower the hedge ratio, the cheaper it is to hedge.

Table 8 reports a set of the descriptive statistics for hedge ratio (mean, minimum 
and maximum).

The average value of the hedge ratio between BIT and EUR is 0.089 under the 
VAR-DCC-GARCH model, implying that one Bitcoin (long position) can be hedged 
for 8.9 cents of EUR (short position). On the contrary, for the VAR-ADCC-GARCH 
model, the average value of the hedge ratio between BIT and EUR equals to 0.005, 
indicating that one Bitcoin tends to shorted by 0.5 cents of EUR. The highest hedge 
ratio is 0.311 under the VAR-Component GARCH-DCC model. This finding indi-
cates that investor requires more amount of EUR when investing in the Bitcoin mar-
ket by using the component GARCH-DCC compared to other models.

Table 8 also displays that the average value of the hedge ratio for BIT/GBP pair is 
0.113 for the VAR-DCC-GARCH model and − 0.034 for the VAR-ADCC-GARCH 
model and − 0.373 for the VAR-Component GARCH-DCC model. Notice that an 
average hedge ratio equals to − 0.034 indicates that one Bitcoin is hedged by 34 
cents of GBP (long position). Again, the VAR-Component GARCH-DCC model 
shows the highest hedge ratio.

For the BIT/JPY pair, the average value of hedge ratio is equal to 0.089 under 
the VAR-DCC-GARCH model, − 0.042 under the VAR-Component GARCH-DCC 
model. The VAR-Component GARCH-DCC model again displays that the highest 
value of hedge ratio is 0.222.

Given the aforementioned results, some interesting findings can be revealed. 
Unlike, VAR-Component GARCH-DCC model requires more amount of fiat cur-
rency to minimize the risk when investing in the Bitcoin market. In spite of the high 

Table 8  Hedge ratio summary 
statistics

Mean Min Max

BIT/EUR
 DCC 0.089 − 1.246 3.438
 ADCC 0.005 − 2.085 5.209
 comp-DCC 0.311 − 8.517 8.463

BIT/GBP
 DCC 0.113 − 1.344 5.094
 ADCC − 0.034 − 2.317 3.927
 comp-DCC 0.373 − 7.491 9.208

BIT/JPY
 DCC 0.089 − 1.3 4.715
 ADCC − 0.042 − 2.599 4.096
 comp-DCC 0.222 − 5.086 6.61
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price volatility of Bitcoin, the average hedge ratio seems to be very low, regardless 
of which model is used. This finding can be explained by the hedging ability of Bit-
coin against other assets, as increasingly revealed by many researchers such as Bouri 
et al. (2016a), Dyhrberg (2016a, b).

7  Discussion

The fast development of digital currencies has increasingly attracted the attention of 
regulators, investors and researchers. In particular, investors are searching for alter-
native investment assets to diversify their portfolios. Despite their volatility, digital 
currencies are considered as interesting assets given their high average return and 
low correlation with other assets. That is why the current research shows a keen 
interest in hedging different assets with cryptocurrencies and in particular how Bit-
coin can help in portfolio diversification. Many researchers focus exclusively on the 
safe haven, diversifier and hedge proprieties of Bitcoin. Nevertheless, it fails to offer 
a balanced perspective on how cryptocurrencies can be hedged by other assets given 
Bitcoin presents high volatility. That is why, in this paper, we investigate the abil-
ity of fiat currencies to hedge Bitcoin. To do so, we compute optimal hedge ratios 
between Bitcoin and fiat currencies by employing conditional volatility and correla-
tions estimates of different models over the period under study.

Our empirical results clearly show the joint dynamics of Bitcoin and fiat cur-
rencies under different specifications. This led to improve the quality of estimates 
of optimal hedge ratios between Bitcoin/fiat currency pair. As a matter of fact, the 
dynamic behavior of hedge ratio based on taking into account dynamic nature of 
volatilities and correlations between different assets result in an ongoing regular 
demand to rebalance the hedged positions. On the other hand, using different models 
which provide information about different aspects of behavior of volatility and cor-
relation leads to better dynamic hedging strategies. Such findings can be of interest 
to the investors in the virtual market to diversify portfolios by using classical assts. 
Our paper also contributes to a burgeoning literature on cryptocurrencies and pro-
vides more solutions for potential investors which consider virtual currencies as an 
alternative investment opportunity among many other possible investments (such as 
stocks, bonds).

8  Conclusion

In this paper, we attempt to analyze and model the volatility dynamics of Bitcoin 
and fiat currencies (EUR, GBP and JPY) over the period 02/02/2012–30/11/2017. 
Thereafter, based on the dynamic correlations between different currencies, we 
propose to establish dynamic hedging strategy which can be used by investors to 
hedge against risk when investing in the Bitcoin market. In this regard, searching 
for hedging appears to be appropriate given that the high price volatility of Bitcoin 
is well-documented and it is held for investment purposes rather than being used for 
transactions, as suggested by many researchers (e.g., Baur et al. 2015). By leafing 
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through the hedging and risk management literature, one of the most sweepingly 
used strategies consists in determining the hedge ratio based on the information 
available at time t (e.g., Wang and Wu 2012; Arouri et al. 2011; Kroner and Sultan 
1993). Obviously, the optimal hedge ratio is represented by the conditional covari-
ance between two assets divided by the conditional variance of second asset returns. 
Therefore, different conditional covariance and variance understandably produce 
various optimal hedge ratios. For this end, GARCH-type models are the best fitted 
models to estimate optimal hedge. In this study, we apply three worthwhile GARCH 
models, namely the VAR-DCC-GARCH model, VAR-ADCC-GARCH model and 
VAR-component GARCH-DCC model. The empirical results interestingly show dif-
ferent features of Bitcoin and fiat currencies under different models.

After using the aforementioned models to study the volatility dynamics, we 
attempt to compute the optimal hedge ratio. Taking into account the time-varying 
nature in volatility and correlation structure allows us to analyze the behavior of the 
optimal hedge ratio by using the three models. The empirical results clearly show 
a time-varying hedge ratio for all Bitcoin/fiat currency pairs which is marked by 
the large spikes over time, under the three models. This implies varying costs for 
hedging risk and a demand for frequent rebalancing. On average, the component 
GARCH-DCC model (resp. ADCC model) involves more (resp. less) amount of fiat 
currency to minimize the risk when investing in the Bitcoin market which hinders 
investors to invest a great amount in other asset. Overall, in spite of the high price 
volatility, the average optimal hedge ratio appears to be very low irrespectively of 
which model is employed. Further studies can analyze the possibility of hedging 
Bitcoin with various assets.

By and large, a fledgling economics and finance literature emerge to investigate 
cryptocurrency structure and behavior and make more solutions for cryptocurrencies 
investors and portfolio holders. In this respect, our study shows that cryptocurren-
cies such as Bitcoin can provide a new puzzle for portfolio hedging based on nega-
tive dynamic correlations with fiat currencies and safe haven properties. Of course, 
virtual currencies can be promising among each other for the attention of investors 
compared to other fiat currencies competitiveness and hedging solutions. As pol-
icy implications, exchange risk for international trade exchanges can be safer with 
cryptocurrencies based on safe haven properties and international diversification 
based on negative correlations with fiat currencies. Our paper also contributes to a 
burgeoning literature on cryptocurrencies and provides more solutions for potential 
investors which consider virtual currencies as an alternative investment opportunity 
among many other possible investments (such as stocks, bonds). Cryptocurrencies 
market can be regarded as a special kind of unconventional policy. Similarly, our 
results are beneficial for banks and central banks monetary and exchange policies. 
Our new framework provides a new policy intervention for policy makers and cen-
tral banks decisions based on the safe haven characteristic of cryptocurrencies. If fiat 
currencies bind in equilibrium, a policy-induced redistribution of cryptocurrencies 
can improve matter portfolio diversification gains in terms of risk reducing.

Our paper can add to the existing literature that generally investigates the rela-
tionships between Bitcoin and other assets by investigating the possibility if Bitcoin 
can be hedged by selected fiat currencies. This can enrich the literature by creating a 
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new avenue of research to analyze the diversification perspectives of cryptocurrency 
portfolio.
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