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Does Bitcoin affect decomposed oil shocks differently?
Evidence from a quantile-based framework

Abstract

This paper studies the impact of Bitcoin on decomposed oil price shocks within a quantile-
based framework, through which the underlying investment sheltering role of Bitcoin for
various oil price fluctuations is explored. The aggregate oil price shock is decomposed into
three perspectives of the demand, the supply, and the changing attitudes towards risk. A
comparison of the sheltering role between Bitcoin and gold is further evaluated. By using
a non-parametric causality test, we find that there exists an asymmetric and unidirectional
causal relationship from Bitcoin/gold to oil shocks. Such the unidirectional causality appears
only to the demand and supply shocks of oil instead of the risk-specific shocks, and is more
evident at median quantiles. By jointly considering the data distribution of both dependent
and independent variables realized by a quantiles-on-quantiles method, both Bitcoin and
gold generally depict the hedge and safe haven abilities for oil shocks, and such the ability
is shown to be different not only between Bitcoin and gold but also for various sources of
oil shocks. The sheltering role of gold is found to be greater than that of Bitcoin for the
supply shock, while the results reverse for the demand shock. Moreover, shocks from the
identified shocks from the COVID-19 pandemic and the Russia-Ukraine conflict are found to
not change the cross-market relationship. A series of robustness checks confirm our findings

that possess important implications for various stakeholders.
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1. Introduction

Despite the growing popularity of eco-friendly energy sources in the process of low carbon
transition, crude oil has long been a crucial energy input that drives output production and
economic operations worldwide(Cherp et al., 2018; Ghasemian et al., 2020). According to the
International Energy Agency (IEA), the proportion of crude oil consumption still constitutes
more than one third of the overall global energy consumption in 2021.! Recently, oil prices
have witnessed an increasingly high fluctuation and plunged to even negative values for the
first time in history on April 20, 2020. The marked fluctuations in the oil market have
therefore long raised widespread attention worldwide. Studies by far attribute significant
increases in oil price volatility to various reasons notably including market demand and
supply shocks (Fattouh and Economou, 2020; Chatziantoniou et al., 2021) and reliance on
liquidity factors (Le et al., 2021). This has accordingly called for sensible management of
oil asset related investment portfolios with dual targets of maximizing profits and sheltering
against the downside risk.

Since the oil market dynamics can be driven by various sources such as shifting of the
demand and supply of oil (Herrera et al., 2019; Fattouh and Economou, 2020; Chatziantoniou
et al., 2021), the seemingly same oil price rise/decline might be underpinned by different
forces that would lead to heterogeneous reactions and associated risk accumulation in the
economy (Lee et al., 2017; Malik and Umar, 2019). While simply relying on the aggregate oil
price series would mask the individual oil-related risk dynamics (Uddin et al., 2018), existing
effort on hedging against the latter remains rather scant. Lately, the role of Bitcoin as a
potential investment shelter against financial assets and commodities including oil has been

raised an emerging attention (Luther and Salter, 2017; Ren et al., 2022; Wen et al., 2022).

!Data are sourced from the World Energy Outlook 2021 by IEA (https://www.iea.org/reports/world-
energy-outlook-2021).



Relative to traditional safe-haven assets such as gold (Baur and Lucey, 2010; Conlon et al.,
2018), Bitcoin has sheltering effect against the oil market due to its weak correlation with
political and economic fluctuations of Sovereign nations(Conlon and McGee, 2020a; Shahzad
et al., 2019; Selmi et al., 2018). However, existing literature points out that Bitcoin’s high
volatility, low liquidity, and high transaction costs undermine its safe heaven ability (Smales,
2019). During market depression, Bitcoin would have a weak store of value due to its strong
speculative nature (Baur et al., 2018). By far, there is no consensus on the sheltering
role of Bitcoin for oil-related assets, and in-depth research on the underlying differences in
this role across decomposed oil shocks remains limited. This therefore necessitates a clear
comprehension of effective investment shelters for adverse fluctuations in oil prices induced
by shocks from different sources. Nevertheless, by far, several important questions remain to
be answered. Whether and how different would Bitcoin relate to the aggregate oil price and
its decomposed components? Whether and how is the investment sheltering role of Bitcoin
different to that of the traditional shelter (gold)? What is the underlying reason to explain
the obtained findings?

To this end, this paper decomposes the oil price series into shocks from different sources
and then studies the possibly investment sheltering role of Bitcoin for different types of oil
price shocks in a quantile-based framework. Within the framework, the causality between
Bitcoin and oil shocks is tested by using a non-parametric causality-in-quantiles test(Jeong
et al., 2012). The potentially asymmetric market relationship between Bitcoin and oil
shocks over the full data distribution is then evaluated by employing the recently-employed
quantiles-on-quantiles (QQ) approach of Sim and Zhou (2015). To compare the sheltering
role between Bitcoin and gold, the relationship between gold and various oil shocks is fur-
ther investigated across quantiles of the data distribution. In addition, potential structural
breaks in our research sample are detected by methods of Bai and Perron (1998, 2003), and

whether the sheltering role of Bitcoin/gold changes when facing shocks in exogenous events



such as the COVID-19 pandemic and the Russia-Ukraine (RU) conflict is further examined.

The contribution of our paper is three-fold. First, we exploit micro-level information by
evaluating the investment sheltering effect of Bitcoin/gold on various decomposed oil price
shocks, rather than simply using an aggregate oil price series as in extant literature (See,
e.g., Selmi et al., 2018; Ren et al., 2022; Naeem et al., 2022). The above employed strategy
is due to the potentially distinct response of the economy when facing oil price changes
driven by different types of shocks. Relying on the aggregate data would otherwise mask
or even bias the result. In specific, oil demand shocks due to global economic expansion
eventually lead to higher oil prices, while at the same time, oil supply shocks related to
oil production disruptions may lead to significant oil price increases (Uddin et al., 2018),
and risk factors from economic policy uncertainty may also influence oil market to some
extent. Therefore, considering the response of aggregate oil price changes to other financial
assets may be misleading. This argument also helps explain the seemingly-elusive findings
regarding the weak relation between the oil market and the economy.

Second, we are among the first to explore the relationship between Bitcoin/gold and
oil shocks over different market conditions using both nonparametric causality tests and
quantile-on-quantile (QQ) method. Once identifying that the uni-directional causality from
Bitcoin/gold to oil shocks, as a coherent and further discussion, we quantify the impact
magnitude of Bitcoin/gold in a joint-distribution setting that includes both dependent and
independent variables by using a QQ method. Our research extends the literature by explor-
ing the underlying-distinct sheltering role of Bitcoin/gold against various oil price shocks at
different market conditions by studying the causality and the impact of Bitcoin on various
oil shocks under a quantile-based framework.

Third, we further consider the impact of exogenous shocks on the relationship between
Bitcoin/gold and oil by identifying structural breaks. The breaks identified from oil price

dynamics corroborate with the recently important international events, i.e., the COVID-19



pandemic and the RU conflict. Whether the cross-market relationship is altered when facing
exogenous shocks is further checked by employing the causality test and QQ estimation
in each sub-period divided by the above two events. We further eliminate the impact of
other potential exogenous shocks in each sub-period to only focus on the dynamics of the
market relationship caused by the pandemic onset and the RU conflict. Our study enriches
the literature related to whether COVID-19 affects the sheltering role of Bitcoin/gold on
the oil market(Al-Nassar et al., 2022; Wen et al., 2022; Ji et al., 2020) and is among the
first to explore the impact of the Russian-Ukrainian conflict on the relationship between
Bitcoin/gold and oil /shocks.

Our main findings are summarized below. As for the causality-in-quantiles test, there is
an unidirectional causal relation from both Bitcoin and gold to series of the crude oil price
series, as well as its decomposed supply and demand shocks of oil, but not the other way
round. While the causality to oil prices and the decomposed supply shocks is significant in
all but a few extreme market conditions, that to the decomposed demand shocks tends to
mainly exist at normal market conditions. Moreover, Bitcoin/gold returns appear to not
connect with the corresponding market risk shocks over the data distribution.

Regarding the QQ estimates, Bitcoin and gold generally contribute to diversification
benefits and risk mitigation for oil price fluctuations. The sheltering role is shown to be
different not only between Bitcoin and gold but also across different sources of the oil price
dynamics. In specific, for the aggregate level of oil price series, price returns of Bitcoin
behave a flat impact pattern on that of crude oil that the impact magnitude is relatively
stable and remains as weakly positive at most of quantiles over the data distribution. In
contrast, the impact of gold returns demonstrates a quasi-monotonic increasing pattern with
increases in oil quantiles, and the impact turns to be even negative in oil market depression.

For the decomposed oil supply shock, Bitcoin and gold exert an opposite impact pattern

that the impact of Bitcoin return depicts a decline with increases in quantiles of oil shocks



but that of gold reaches its low level when oil quantiles are extremely low. The magnitude
of the impact range of Bitcoin returns over the data distribution is generally larger than
that of gold. For the decomposed oil demand shocks, Bitcoin offers a sheltering effect that
increases as the oil market condition improves, and its impact magnitude is overall equal or
less than zero. In contrast, the effect size of gold could be relatively larger that it is highly
positive at extremely high quantiles of oil demand shocks, and it declines gradually and even
becomes negative at low oil quantiles. Thus, the sheltering role of gold for the supply shocks
is found to be more evident than that of Bitcoin, while the results reverse for the demand
shock of crude oil. Additional analysis suggests that shocks from international events such
as the COVID-19 pandemic and the RU conflict generally do not change the impact patterns
of Bitcoin/gold on the oil market.

Noteworthy, the response of the supply and demand shocks in oil prices when facing
Bitcoin/gold price changes is distinct. Such the individual and different response would
otherwise be masked unless we decompose the oil price shocks from an aggregate level. Our
findings survive a number of robustness checks such as alternative estimation strategies and
proxy for oil prices. The findings possess important implications for effective management
of uncertainties in oil price fluctuations from different sources, as well as shedding light on
the investment sheltering role of both Bitcoin and gold.

The rest of the paper is organized as follows. Section 2 presents a succinct review of key
literature. Section 3 describes our employed econometric methods and datasets. Section 4
reports estimation results and discusses corresponding theoretical explanations. Section 5

concludes.

2. Literature review

Our research is related to at least the following two strands of the literature, i.e., the

investment sheltering of gold and Bitcoin for financial assets and commodities, especially the



oil-related assets. Gold, as one of the earliest forms of money, has been commonly consid-
ered as an effective hedge and safe haven for financial and other commodity assets against
market turbulence (especially during market downturns). Extensive literature has shown a
weak /negative relationship between gold and financial assets, revealing the investment shel-
tering role of gold as a hedging and/or safe haven (See, e.g., Chua et al., 1990; Upper, 2000;
Ciner, 2001; Hillier et al., 2006; Kaul and Sapp, 2006; Baur and Lucey, 2010; Ciner et al.,
2013; Reboredo, 2013; Dutta et al., 2020).

Despite the widespread confirmation by the literature, the role of gold is also found be
volatile and can change dramatically with different asset types and market conditions. Baur
and Lucey (2010) find that gold can serve as a hedge against stock markets, and even act as
an effective safe haven during the crises, but such the role is not applicable for bonds. Ciner
et al. (2013) examine whether and to what extent the five major assets (i.e., stocks, bonds, oil,
gold, and the U.S. dollar) can provide a hedge or shelter function for each other. The results
suggest that gold can play a safe haven role for most assets except for oil. Reboredo (2013)
suggests that gold cannot simultaneously serve as a hedge against oil price changes, but it
can be a safe haven against extreme oil price volatility. Selmi et al. (2018) employ a quantile-
on-quantile regression method to obtain evidence that gold can act as a safe haven, hedge,
and diversifier against oil, but these effects can be sensitive to market conditions of gold
and oil prices. Ji et al. (2020) assess whether tail changes in equity indices can be offset by
introducing safe-haven assets and find that only gold and commodity futures remain strong
as safe-haven assets after the outbreak of COVID-19, Chemkha et al. (2021) reach similar
conclusions when they reassessed the effectiveness of gold as a hedging asset in reducing risk
in international portfolios and demonstrated that gold was an effective instrument against
tail risk during the COVID-19 pandemic. Akhtaruzzaman et al. (2021) study the potentially
hedging role of gold during the COVID-19 pandemic and show that gold could offer different

degrees of hedging roles at different phases of the pandemic.



Although gold is widely considered as an investment shelter, its sheltering property has
been recently questioned with the intensification of zero interest rates and the global finan-
cialization (Shahzad et al., 2019). Alternatively, Bitcoin, being termed as the "digital gold",
has demonstrated its resilient and independence with the financial market (Wang et al.,
2022) so that its role as a hedge and safe haven has received widespread attention by far
(Conlon and McGee, 2020a; Shahzad et al., 2019; Selmi et al., 2018; Dyhrberg, 2016; Baur
et al., 2015; Al-Khazali et al., 2018; Bouoiyour and Selmi, 2017, 2015). Similar to that of
gold, existing literature on the sheltering role of Bitcoin produces inconsistent conclusions.
Some empirical evidence points out that the sheltering role of Bitcoin tends to be weak. For
example, Baur et al. (2015) show that Bitcoin is correlate insignificantly with traditional
commodities such as stocks, bonds, and commodities under different market conditions.
Bouri et al. (2017b) study the impact of Bitcoin on commodity markets. They find that the
hedging and safe haven properties of Bitcoin disappear after the Bitcoin price crash in De-
cember 2013 and show only weak diversification benefits against the non-energy commodity
indices. Moreover, Bouri et al. (2017¢) indicate that Bitcoin can only provide diversification
to world stock markets and the US dollar, while producing a poor hedge. Bitcoin’s sheltering
role varies across economies and could only serve as a safe haven for Asian stock markets
during extreme downturns. Kang et al. (2019) study the linkage between Bitcoin and gold
futures using dynamic conditional correlations (DCCs) and wavelet coherence. They find a
high degree of co-movement between Bitcoin and gold during the crisis, thus limiting the
safe-haven feature of Bitcoin. The study by Disli et al. (2021) also shows that Bitcoin has
no safe-haven property. Instead, it becomes a diversification tool for investors over a longer
horizon after the COVID-19 outbreak.

At the same time, there is a body of literature speaking in favor of the sheltering and
hedging role of Bitcoin. Dyhrberg (2016) finds the hedging properties of Bitcoin, which

can be incorporated into portfolios to reduce the adverse effects of market volatility. Bouri



et al. (2018) analyze the sensitivity of Bitcoin to global financial stress and demonstrate that
Bitcoin can be a safe haven under conditions of financial turmoil. Bouri et al. (2017a) use an
option implied volatility index to represent global economic policy uncertainty and find that
Bitcoin is an effective hedge against uncertainty in major developed and developing markets.
Shahzad et al. (2019) propose new definitions of weak and strong safe havens based on the
tail distribution of assets, and found that each of Bitcoin, gold, and commodity indices can be
considered weak safe-haven assets using the bivariate cross-quantilogram approach. Raheem
(2021) documents that bitcoin provides a safe haven for investors, although this ability
to withstand tail risk became uncertain after the COVID-19 outbreak. Similar empirical
evidence is further obtained, speaking in favor of the sheltering role of Bitcoin against adverse
financial fluctuations (See, e.g., Demir et al., 2018; Wang et al., 2019; Wu et al., 2019).

In terms of the market relation between Bitcoin/gold and crude oil, existing findings
still remain to be mixed and even contradictory. One important reason might be that
the oil price movements could be originated from different types of shocks. Kilian (2008)
decomposes oil price changes into demand and supply shocks, and subsequent studies such
as Hamilton (2009), Kilian and Lewis (2011) and Ahmadi et al. (2016) report under the
framework of Kilian (2008), showing that different oil price shocks have asymmetric effects
on the overall economy, real oil prices and inflation rates. Ready (2018) proposes an enhanced
identification technique that decomposes oil price changes into different types of shocks, i.e.,
shocks from the demand, supply and risk perspectives of oil, and finds different impact
patterns of various oil shocks on contemporaneous stock returns. One important inference is
that merely considering the impact of Bitcoin/gold on the overall change in oil prices would
produce biased conclusions. However, existing research on the role of Bitcoin for decomposed
oil shocks is very limited. To the best of our knowledge, by far, there only exists one related
study by (Das et al., 2020) which use a dummy variable GARCH and quantile regression

model to explore the hedging effect of Bitcoin/gold on oil price shocks. Our research extends



the existing litearture in the following manners. By using nonparametric quantile causality
tests, we not only determine the causal relationship between Bitcoin/gold and shocks to oil
price return and its decomposition, but also use a novel QQ estimation method to analyze
whether Bitcoin/gold can be used as a safe haven, hedge, or diversification asset for oil. These
techniques reveal the asymmetry and nonlinearity of the relationship between Bitcoin/gold
and the oil market, and the use of causality tests makes the analysis more coherent and
scientific. At the same time, we have further employed the approach of Bai and Perron
(1998, 2003) to identify structural breaks and examine whether exogenous shocks alter these

properties of Bitcoin/gold by comparing the estimates of sub-samples.

3. Methodology and data

3.1. The structural oil shock decomposition

In light of the existing literature, the sources of oil price changes have attracted sub-
stantial attention. In fact, economies may respond differently to oil price changes caused
by varied types of shocks, and focusing only on aggregate level oil prices can obscure more
microscopic phenomena(Uddin et al., 2018; Das et al., 2020). Thus, this paper employ the
approach recently developed by Ready (2018) to decompose the changes in oil price into
demand shocks, supply shocks, and risk shocks. We use three indexes, some measures of
changes in (i) oil producing companies, (ii) oil price, and (iii) expected returns, to construct
different types of oil shocks. In this case, the changes in the oil producer index can be mea-
sured by the return of MSCI All Country World Index, Energy Index, the return of Brent
Crude Oil futures price can be used as a proxy for the oil price changes, and following to
Ready (2018), the ARMA(1,1) process is used to identify the CBOE Volatility Index and
the corresponding residuals are used to measure the expected returns changes. According
to model in Ready (2018), volatility in the expected returns are used only as a source of

risk shocks, while the demand shocks are defined as the portion of the current returns of

10



the global index of oil producing companies that are orthogonal to the risk shocks, and the
supply shock are defined as the remaining portion of the current oil price changes that are
orthogonal to the demand and risk shocks. According to this construction, supply shocks(s;),
demand shocks(d;) and risk shocks(r;) can explain all the variation in oil prices. The three

shocks are orthogonal and defined in the following manner:

APt St 1 1 1
Y;t = RfrOd 7St = dt ) M = 0 ag a93 ) (1)
Svix, T 0 0 ass

where AP, RI™® and &y 1y, represent the return in oil price, the global oil producing com-
panies and innovation in the VIX respectively. The matrix M maps the vector of shocks S;
into Y;:

Y; - MSt7 (2)

and

M_lzy (M_l) - O 0'3 3 (3)
where Yy is the covariance matrix of Y;, the volatilities of the identified shocks are denoted

as 0, 04 and o,. Note that we restrict the sum of the identified shocks to the oil price change

rather than one in the decomposition.

3.2. The quantile Granger causality test

After identifying the oil price shock, we employ the nonparametric causality-in-quantile
test developed by Jeong et al. (2012) to explore the nonlinear causality between the Bit-
coin/gold and oil/shocks. In contrast to traditional linear causality tests, this approach non-

parametrically models the causal relationship between given two variables across quantiles of
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the variable potentially being as a cause, thus recovering possible nonlinearities in causality
(Duan et al., 2021). This method fits with our focus on the relationship between assets in
extreme cases, and has also been widely applied for examining the non-linear causal dynam-
ics of financial series under different market conditions (Balcilar et al., 2017, 2016, 2018;
Bahloul et al., 2018). We introduce the method in this section by taking z;, y;(the explana-
tory and explained vectors) as an example. Denote Y1 = (Y1, .-+, Ysp), Xe1 = (Te1,- - -5 Trp),
Zt = (X, Y1), Fyz,(ye, Zy—1) and Fy, 7, (Y, Z;—1) represent the conditional distribution
functions of y, given Z; ; and Yj, respectively. If we denote Qg(Zy1) = Qo(y:|Zn) and
Qo(Yn) = Qo(w|Yn), we have Fy, 1z, {Qo(Zi-1)|Zi—1} = 6 with probability 1. Then the

hypotheses of causality test can be expressed as:
Hy': P{Fyz, {Q0 (Vi) | Zia} =0} =1, (1)

Hy - P{Fyt|Zt—1 {QG (Y;f—l) | Zt—l} = 9} <1l (5)

We calculate the distance measure as J = {&FE(e|Z;_1fz(Z;—1)) following Jeong et
al.(2012) to obtain the metric for the implementation of the causality test, where € is
the regression error term and fz(Z;_1) is the marginal density function of Z; ;. € arises
from null hypothesis (4), which is true if and only if E[I{y: < Q¢(Yi—1)|Z1—1}] = 6 or
Hy: < Qo(Yi_1)} = 0 + ¢, where I{-} denotes the indicator function. The explicit expres-

sion of the distance function can be estimated as follows according to Jeong et al. (2012):

1 - - Z Z
Jr= > > ot Bl S PP
Jr= T(T — 1)h2 K( h )%’ (6)

t=p+1s=p+1, s#p

where K (-) denotes the kernel function with bandwidth h, T" is the sample size, and p is the

lag-order used for defining vector Z; and ¢; denotes the regression residual. €;, which could
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be defined as the follows:

g=1{y < Qi) } —0. (7)

Qg(}/},l) is an estimate of the #-th conditional quantile of ¥, given Y,_;. Below, we

estimate Qg(Yt_l) using the nonparametric kernel method as:

~

Qo (Yi-1) = FZ;|1Yt_1 (0] Y1), (8)
where FytlYt_1 (y¢ | Yi—1) is the Nadaraya-Watson kernel estimator given by:

T Yio1—Ys—
~ Zs:p+1,s¢t L <+) 1 (ys S yt)
Fyt|Yt—1 (yt | 3/7?—1) = T Vi v,
Zs:p—l—l,s;ﬁt L (T)

(9)

Utilizing the statistic Jr, we test the Granger causality-in-quantile between Bitcoin/gold
and oil /shocks. First, let the oil price change/shocks be y and test if the Bitcoin/gold returns
can Granger-cause y. We then switch the explanatory and explained variables to explore
whether oil price change/shocks can predict the Bitcoin/gold returns as the Granger cause. In
addition to determining the Granger causality between Bitcoin/gold and oil /shocks, the test

results also provide a more scientific basis for our subsequent quantile-to-quantile regressions.

3.3. The Quantile-on-Quantile approach

We further introduce the Quantile-on-Quantile(QQ) regression method proposed by Sim
and Zhou (2015) in this section to provide a comprehensive and precise understanding of
the relationship between variables under different market conditions. Compared with mean-
based methods such as OLS and traditional quantile regression methods, the QQ method is
more robust to outliers and non-normality in the actual data, especially its ability to reveal
potential structural mutations in the data and relax the linear model assumed in traditional

quantile regression to allow for the possibility of non-linear relationships between variables,
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thus comprehensively capturing the potential asymmetric effects of the explanatory variables
under different market conditions on the distribution of the explained variable.

To further explicate the QQ method, we denote the returns on the Bitcoin/gold prices as
X, and changes in the crude oil futures and shocks as Y;. First consider the nonparametric

quantile regression equation for Y; as a function of X; as:

Y,=80+8] X, +a"Y 1 + €, (10)

where Y; represents crude oil futures price return and three types of identified shocks at time ¢
in the follows, 7 stands for the T7-quantile of Y; and the residual term €] has a zero 7-quantile.
[T is the coefficient of our interest which represents the impacts of the Bitcoin/gold returns
on Y;, and a” measures the influences of the 7-quantile of the first-order temporal-lag of Y; 4
on its contemporaneous term. [7(-) is assumed to be an unknown function due to the lack
of prior information on the relationship. In order to investigate the relationship between
the y-quantile of X; (X7) and 7-quantile of Y;, we linearize the unknown function 57(-) by

taking the first-order Taylor expansion around X7, which yields the following:

B7(Xe) = BT(X7) + 87 (X)X = X7) = bo(7,7) + bi(r, ) (X7)(Xe = X7), (1)

then we can obtain a new expression of Y; by substituting Eq. (11) into (10):

Vi =bo(7,7) + bu (7, (X7 (X = XT) + a7Viy + €, (12)

14



Eq. (12) can be solved as:

bO(Ta 7)

. d F(X,) —~

bi(7,7) = arg bor’fblliyfolﬁ ; pe[Ye —bo — b1(Xy — X7 — 7Y, )] K( A ), (13)
a”(7y)

where pg(e) = e(@I{e < 0}) and I(-) is a indicator function. K is a Gaussian kernel
function with bandwidth h. The empirical distribution function is defined as F(X;) =
1/TS°L I(X; < X;). For the choice of optimal bandwidth h, we employ the cross-validation
(CV) method following Duan et al. (2021), which strengthens the robustness of the QQ

regression estimates.

3.4. Data

Following extant literature, we collect the daily prices of Bitcoin and gold denominated in
US Dollar. We use the Brent crude oil futures price as a proxy for oil price, and two additional
variables: the MSCI All Country World Index and the CBOE Crude Oil Volatility Index as
proxies for the oil producing companies and expected returns to decompose oil price shocks
using the structural vector autoregressive (SVAR) framework of Ready (2018). The whole
sample employed in our research covers a total of 1655 observations ranging from January
4, 2016 to January 31, 2023, during which Bitcoin trading has been emerging over time and
raised widespread attention (Conlon and McGee, 2020a,b). We consider the log returns of
Bitcoin, gold, and oil prices and decompose the oil price returns using the SVAR procedure
to obtain s;, d;, and r;.

The summary statistics of the variables are shown in Table 1, and several noteworthy
findings emerge. (i).Bitcoin returns are much higher than gold and crude oil, but there is no
significant difference in standard deviation, suggesting that Bitcoin has been steadily rising

in recent years; (ii).The means and standard deviations of risk shocks are small, which is
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consistent with the finding that risk shocks in Ready (2018) barely explain changes in oil
prices; (iii). The skewness, kurtosis coefficients, and the Jarque-Bera test results indicate that
all variables deviate from the normality assumption, which supports the use of QQ method
rather than OLS or traditional quantile regression; (iv). The Augmented Dickey-Fuller

(ADF) test results ensure the stationarity condition of all series.

4. Empirical results

4.1. Quantile Granger causality analysis

In this section, we employ the causality-in-quantile test to explore the causal relationship
between Bitcoin/gold returns and oil price changes/shocks at different quantiles (from q=0.05
to q=0.95). For the analysis, we divide the quantile of the return series into the performance
of different market conditions, that is the bear market (from q=0.05 to q=0.45), the normal
market (q=0.5) and the bull market (from q= 0.55 to q=0.95). Figures 1, 2 and 3, 4
exhibit the testing results on the series of Bitcoin/gold returns, respectively, in which the
test statistic located above the critical value (gray solid line) indicates the Granger causality
at 5% significance level under the specific quantile.

First, we focus on the relationship between the Bitcoin market and oil prices/shocks.
Figure 1 shows that the causal relationships between Bitcoin returns and changes in oil and
identified shocks-except for risk shocks-are in hump-shaped intervals, indicating that the
causalities are strongest near normal market conditions and gradually decrease as market
conditions become extreme, and illustrating that causality is non-linear and asymmetric.
Specifically, according to Figure 1(a), the causal relationship between Bitcoin returns and
aggregate level of oil price changes is significant at the 5% level under most quantiles (from
q=0.1 to q=0.9), with the strongest predictive power around the median quantile. That is,
Bitcoin returns have a more significant impact on oil prices under non-extreme market con-

ditions. The causal relationship between Bitcoin and supply shocks in Figure 1(b) is similar
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to that in Figure 1(a), where Bitcoin returns are Granger cause of supply shocks from the
quantile 0.1 to 0.9. Figure 1(c) shows a weaker causal relationship between Bitcoin and de-
mand shocks, providing insignificant test results under extreme market conditions. Overall,
Bitcoin returns are not only Granger causes of oil price changes, but can also predict the sup-
ply shocks and demand shocks of oil prices, and there is a consistent mechanism of influence
(strongest around normal markets, weaker in bearish and bullish market conditions), but no
evident connection with risk shocks (Figure 1(d)). According to Figure 2, statistically, the
series of statistics does not exceed the critical value in all scenarios, showing the fact that
no Granger cause of the Bitcoin returns in oil price changes and shocks. In other words,
oil prices/shocks can not predict Bitcoin returns, either in the aggregate change or in the
decomposed shock series. Therefore, the causality-in-quantile test shows that Bitcoin return
is a unidirectional Granger cause of oil price changes.

The causality tests between gold returns and oil changes/shocks show similar charac-
teristics to Bitcoin (Figures 3 and 4). According to Figure 3(a) and (b), gold returns are
a significant Granger cause of aggregate oil price changes and supply shocks under most
market conditions, where they predict supply shocks at all quantiles. In addition, gold is
evidently related to demand shocks only under normal market conditions (around q=0.5)
and is not connect with the risk shocks. All statistics in Figure 4 are below the 5% critical
value, indicating that oil price changes and shocks do not predict the development of the
gold market in any market states. In general, gold returns can be a unidirectional Granger
cause of aggregate oil price changes and the decomposed supply shocks under all conditions,
including extreme market states, while the relations with demand and risk shocks are weak.

Our results can be summarized as that Bitcoin/gold returns have significant impacts on
oil changes/shocks. Specifically, Bitcoin and gold have significant unidirectional causality on
crude oil price changes, as well as the identified supply and demand shocks. Except for a

few extreme market conditions, causality is significant for both oil price and supply shocks,
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while that to the demand shocks tend to exist mainly under normal market conditions.
Moreover, Bitcoin/gold returns do not appear to be linked to the decomposed risk shocks
over the data distribution. These findings not only enrich the understanding of the causal
relationship between oil prices and Bitcoin/gold markets in different conditions, but also
provide new evidence of market correlation from previous research. Since the impact of
Bitcoin/gold on oil is unidirectional and irrelevant to risk shock, and exogenous shocks do
not significantly alter this pattern of causality, our subsequent empirical quantile-on-quantile
analysis will focus on the impact of Bitcoin/gold market on the changes in oil price as well
as the decomposed supply shocks and demand shocks, so as to provide a more detailed and

specific analysis.

4.2. Quantile-on-quantile (QQ) estimates

To explore the dynamic impact of Bitcoin/gold returns on oil price changes/shocks, the
relationships between the different quantiles of returns (from 7 = 0.1 to 7 = 0.9) was
considered. We focus on the estimation results of by(7,7) in model (12) by QQ method,
that is the effect of 7-th quantile of Bitcoin/gold returns on 7-th quantile of oil futures
changes/shocks. Figure 5 presents the response surfaces and we are able to find with these
results that Bitcoin/gold can serve as a hedge, diversifier or safe haven for oil price and
shocks in different market conditions.

Bitcoin and gold returns have different patterns of impact on the aggregate level of oil
futures changes (Figure 5 (a) and (b)). Figure 5 (a) plots the effect surface of Bitcoin
returns on the oil price changes. Bitcoin returns behave a flat impact pattern on that of
crude oil that the impact magnitude is relatively stable and remains as a weakly positive
(being less than 0.1) at most of quantiles over the data distribution, indicating weak hedging
and diversification capabilities of Bitcoin. The impact turns to become even negative in the

particular scenario when both oil and Bitcoin returns are in a bull market (7 = v = 0.9).
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Our results are consistent with Selmi et al. (2018) that Bitcoin can act as a hedge, safe haven
and diversifier against the oil price fluctuations, but this ability depends on different Bitcoin
and oil market conditions. In parallel, gold works differently than Bitcoin under different
market states. Figure 5 (b) shows a quasi-monotonic increasing pattern with increases in
both of oil and gold quantiles. In specific, the coefficient of gold is negative when the oil
price is in a bear market (7 = 0.1, 7 = 0.15) and decrease with the strengthen of gold, which
indicates that gold acts as a safe haven against the adverse changes of the oil price. As
oil price gradually strengthens, the coefficient turns to weakly positive and the role of gold
shifts to a diversifier for the oil market, especially when oil prices soar. Our results provide
further evidence to existing research that gold is an effective safe haven against adverse oil
price movements, but this property is sensitive to oil and gold market conditions.

However, most of the coefficients in Figure 5 (a) (b) are small, indicating that Bitcoin
and gold may not play significant roles in hedging, sheltering and diversification for the oil
price changes. The potential reason is that the aggregate level of oil price changes are caused
by a variety of sources and the impact of Bitcoin/gold on the oil market may be offset by a
kinds of shocks, and considering only the impact patterns on the aggregate oil price changes
would mask the heterogeneous responses. Therefore, we need to further analyze the response
of specific kinds of oil price shocks to the Bitcoin/gold markets. The remaining panels in
Figure 9 reflect the impact surfaces of Bitcoin/gold on the identified shocks.

From Figure 5(c), we observe that Bitcoin plays a similar role in the change of supply
shocks as it does in the overall change in oil prices. Bitcoin returns have positive coefficients
at low levels (7 = 0.1, 7 = 0.2), and the impact depicts a decline with increases in quantiles
of supply shocks. However, the role of Bitcoin gradually turns to a hedge and safe haven
with the simultaneous strengthening of market conditions (both 7 and 7 increase). As a
contrast, demand shocks tend to respond differently to Bitcoin returns than supply shocks.

Specifically, Bitcoin returns have negative QQ coefficients when the demand shocks of the
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oil price is bearish (7 = 0.1, 7 = 0.15) or bullish (7 = 0.85, 7 = 0.9), showing a sheltering
effect that increases as the oil market condition improves, and its impact magnitude is overall
equal or less than zero. In the normal markets, the Bitcoin can be used mainly to hedge
against oil price shocks. According to the above analysis, the difference in the impact of
Bitcoin on supply and demand shocks is mainly reflected in the fact that when both supply
and demand shocks are at low levels (7 = 0.1, 7 = 0.15, 7 = 0.2), Bitcoin can serve as a
diversifier for the former and a safe haven for the latter.

Gold returns provide a similar but stronger pattern of impact on supply shocks at different
quantiles than it does on the aggregate oil price changes. Specifically, the QQ coefficients
of gold returns across market conditions are significant negative when supply shocks are
bearish(from 7 = 0.1 to 7 = 0.3). Different from Figure 5(b), the higher values in coeffi-
cients indicates a stronger safe haven role of gold for oil market. As the supply shock of oil
strengthens, gold transforms into a hedge and diversifier, and the roles fluctuates dramat-
ically with the market conditions of gold returns. The impact of gold on demand shocks
is mainly reflected in hedging and diversification. Figure 5(f) shows that the effect of gold
could be relatively highly positive at extremely high quantiles of oil demand shocks, and it
declines gradually and even becomes negative at low oil quantiles, indicating the diversifier
role of gold in sensitive to the market quantiles. In addition, the coefficients are less than 0
for the normal level demand shocks (0.2 < 7 < 0.5), which shows the hedging effect of gold
returns.

Combined with the above results, Bitcoin and gold exhibit opposing impact patterns on
specific types of oil price changes. For the aggregate level of oil price series, Bitcoin returns
behave a flat impact pattern that the impact magnitude remains as a weakly positive at
most of quantiles over the data distribution. The impact turns to become even negative
in the particular scenario when both oil and Bitcoin returns are bullish. Conversely, the

impact of gold returns demonstrates a quasi-monotonic increasing pattern with increases
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in oil quantiles, and the impact turns to be even negative in oil market depression. The
difference between the impact patterns is more evident in the analysis of the decomposed
shocks. The diversification role of Bitcoin and the safe haven role of gold are more pronounced
at the lower quantiles of supply shocks. For the decomposed oil demand shocks, Bitcoin offers
a sheltering effect that increases as the oil market condition improves, while the effect of gold
could be relatively highly positive at extremely high quantiles of oil demand shocks. Our
results support the findings of the existing literature that both Bitcoin and gold are becoming
increasing important and can act as safe havens, hedges, and diversifiers against oil price
movements, and these roles are sensitive to market conditions. Furthermore, importantly,
we build on the above to derive the dynamic impact of Bitcoin/gold on different sources of

oil price volatility, extending the role of Bitcoin and gold to different kinds of investors.

4.8. Additional analysis: the impact of structural breaks

To further examine whether exogenous shocks affect the relationship between Bitcoin/gold
and oil, we conduct additional analysis by identifying potential structural breakpoints and
then comparing dynamics of the cross-market relationship across sub-samples divided by
breakpoints. Based on the methodology by Bai and Perron (1998, 2003), we have conducted
the test of structural breaks in the dynamics of oil price returns?, and have identified two sig-
nificant breakpoints on March 25, 2020 and February 25, 2022, respectively. The two points
correspond to the outbreak of COVID-19 epidemic and the Russia-Ukraine (RU) conflict,
two of the most important international events recently occurred that are known to have sig-
nificant impacts on the world economy. Accordingly, we further divide the whole sample into
sub-periods before and after the specified breakpoints, i.e., the epidemic onset and the RU

conflict, respectively. To further eliminate the impact of other potential exogenous shocks

2Estimation of the Bitcoin and gold return series yields similar structural breaks to that of oil returns.
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within sub-samples, we have followed Becker et al. (2021) by demeaning the data within each
sub-period, in order to ensure that the break of the whole sample is only due to the above
two exogenous events. Both the causality-in-quantiles test and quantile-on-quantile method
are employed in each sub-sample to analyze the dynamics of the cross-market relationship
before and after the pandemic onset and the RU conflict, respectively.

As for the analysis of causality, we first focus on the event of the COVID-19 pandemic
outbreak on 12 March, 2020 and examine the Granger causality between oil and Bitcoin/gold
in two sub-periods from January 4, 2016 to March 12, 2020 (before the COVID-19 epidemic)
and from March 13, 2020 to January 31, 2023 (after the COVID-19 epidemic), respec-
tively.> Figure 6 shows the causality from Bitcoin/gold to the oil price return before and
after COVID-19 epidemic. The causal relationship between Bitcoin and oil prices before
COVID-19 epidemic also shows a hump-shaped interval, but under extreme market condi-
tions (q<0.25, q>0.8), the causal relationship is insignificant at the 5% level. After the
outbreak of COVID-19 epidemic, the pattern of causality changes, and the effect of Bitcoin
on oil is significant in bear markets, while it remains insignificantly linked in bull markets,
suggesting that after COVID-19 epidemic Bitcoin is gradually able to influence price changes
in oil market downturns. The causality tests between gold returns and oil changes both be-
fore and after the COVID-19 epidemic show similar characteristics to Bitcoin (as shown in
Figures 6(a) and (b)), with gold exhibiting a significant impact on the oil market during bear
markets after COVID-19 epidemic. In contrast, Figure 7 shows that changes in oil prices do
not Granger cause that in Bitcoin and gold returns in both sub-periods.

Regarding the RU conflict with the start date identified as February 24, 2022, we ac-

cordingly examine the causality between oil and Bitcoin/gold in the two sub-periods of pre-

3As of March 11, 2020, more than 11,800 cases had been reported in 114 countries, with the COVID-19
was categorized as a "pandemic". Our estimate of breaks is quite close to this date.
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and post-conflict,® and obtain results similar to those in the above analysis of COVID-19
epidemic. Figure 8 shows Bitcoin/gold has a hump-shaped effect on oil prices, with causality
being strongest under normal market conditions and weakening as the market becomes ex-
treme. Following the outbreak of the RU conflict, Bitcoin/gold is able to have a significant
impact on oil prices during market downturns, while the causal relationship with oil remains
weak during bullish markets. In turn, oil prices are found to have no Granger causal impact
on Bitcoin/gold returns in any market condition changes (as shown in Figure 9).

Moreover, the causality analysis shows that exogenous shocks do not change the unidi-
rectional causality pattern that Bitcoin/gold has for oil market, which allows us to explore
whether there are differences in the safe haven and hedging effects of Bitcoin/gold on the oil
market over different time periods. Figures 10 and 11 present the corresponding QQ estima-
tion of the impact of Bitcoin/gold on oil price returns before and after COVID-19 and the
RU conflict, respectively, over the joint data distribution of both dependent and independent
variables. Specifically, according to Figure 10 (a) and (c), Bitcoin mainly manifests a flat
hedging and diversification effect on the oil market before the COVID-19, while gold played a
significant safe haven role with a negative coefficient during the oil market downturn. These
roles are maintained until after COVID-19, but fluctuated dramatically as market conditions
changed and the magnitude of the impact changed to some extent (as shown in Figure 10 (b)
and (d)). At the same time, Figure 11 (a) and (c¢) show that Bitcoin and gold also exhibit
flat patterns of influence prior to the RU conflict, play the roles of diversification and safe
haven, respectively. The exogenous shock generated by the RU conflict (as shown in Figure
10 (b) and (d)) does not significantly alter the role under extreme oil markets, but rather
enhances the impact coefficient under normal conditions (around q=0.5), transforming the

previous hedging role of Bitcoin and gold into diversified assets. We can thus conclude that

40On February 24, 2022 Russian President Vladimir Putin declared an all-out war against Ukraine. Our
estimate of breaks corresponds almost perfectly to this date.
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Bitcoin generally demonstrates a hedging and diversification role for the oil market, while
gold is able to provide a safe haven effect. These patterns have not changed intrinsically as
a result of exogenous shocks, but rather in magnitude.

The above results suggest that neither the COVID-19 outbreak nor the RU conflict es-
sentially has changed the causal relationships and QQ) impact patterns between Bitcoin/gold
and oil prices; instead, these events appear to only slightly alter the impact magnitude on
the oil market and the range of market conditions®. This further validates that Bitcoin/gold
only features a significant unidirectional causal relationship with oil changes. Movever, Bit-
coin/gold can act as safe havens, hedges, and diversifiers against oil price movements, and
these roles are sensitive to market conditions. Bitcoin mainly serves as a diversifier while
gold acts as a shelter when the oil prices are bearish. Noteworthy, this section excludes
the impact of other exogenous shocks on the estimation, such as the multi-wave climax of
COVID-19 after its outbreak, and yields results consistent with the full sample, supporting
the robustness of the empirical analysis in this paper.

4.4. Contextualization of results

We discuss in this subsection the link between our results and the extant relevant lit-
erature in terms of estimation strategy and theoretical interpretation, and through this we
summarize the corresponding implications and enlightenment. Despite the large number of
extant studies on the performance of Bitcoin/gold in response to financial and commodity
market turmoil, especially in the oil market, most empirical results are inconsistent.

Specifically, for the traditionally known hedging and sheltering asset, Baur and Lucey
(2010) found that gold could serve as a hedge and effective safe haven for European and US

stock markets, but could not mitigate bond uncertainty in these economies. Conversely, Ciner

5We have also considered the oil shocks and the results show that the sub-periods exhibit causality and
QQ impact patterns consistent with the full sample, with exogenous shocks not inherently changing the
relationship between Bitcoin/gold and oil shocks.
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et al. (2013) pointed to gold’s role as a shelter for stock markets, bonds, and the US dollar,
but not as a safe haven for oil markets, while Reboredo (2013) suggested gold as an effective
safe haven for oil price volatility, but not as a hedge against adverse changes in oil prices. On
the other hand, studies on the hedging and safe haven effects of Bitcoin have been diverse
in recent years. Baur et al. (2015) argued that Bitcoin does not correlate well with price
movements in stocks, bonds, and commodities under different market conditions. Dyhrberg
(2016) found hedging properties of Bitcoin, which can be incorporated into portfolios to
reduce the adverse effects of market volatility. Bouri et al. (2017b) indicated that Bitcoin
served as hedge and safe haven for commodity markets, but these effects disappeared after
the December 2013 Bitcoin price crash and showed only weak diversification gains for non-
energy commodity indices. Bouri et al. (2018), however, demonstrated that Bitcoin was a
safe asset under conditions of financial turmoil. Selmi et al. (2018) argue that both Bitcoin
and gold can act as a safe haven, hedge, and diversifier for oil price volatility, but these effects
depend on whether Bitcoin, gold, and oil prices are on the downside, normal, or upside, and
their empirical evidence suggests that the differences in the impact patterns of Bitcoin/gold
on the oil market are nuanced.

It can be summarized that this paper enriches the existing literature from the following
aspects. First, Bitcoin/gold is found to be a unidirectional Granger cause of the oil market,
with stronger heterogeneity in normal market conditions and weaker heterogeneity in extreme
market conditions. Second, using the more comprehensive and robust evaluation strategy
QQ methodology, it is concluded that Bitcoin/gold can be used as a safe haven, hedge or
diversifier for oil market fluctuations. However, these patterns of influence are sensitive to
the market conditions under which Bitcoin, gold and oil markets evolve, with Bitcoin/gold
playing significantly different roles. For example, high data quantiles of gold act as a hedge
during oil bear markets and shift to a diversification role during gold market downturns,

while Bitcoin’s diversification role on low quantiles of oil prices disappears as the bitcoin
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market strengthens.

Third, the results regarding structural breaks suggest that exogenous shocks from both
the COVID-19 pandemic and the RU conflict do not inherently change the pattern of the
relationship between Bitcoin/gold and oil. Fourth, we employ the model in Ready (2018)
to decompose oil price changes into supply, demand, and risk shocks. After confirming
that there is no association between Bitcoin/gold returns and risk shocks, the main analysis
focuses on the pattern of Bitcoin/gold effects on oil price supply and demand shocks. The
findings suggest that Bitcoin can serve as a hedge and diversification tool for supply shocks,
while exhibiting the function of hedging and masking demand shocks. At the same time,
gold is an effective safe haven against supply shocks and can also serve as a hedging and
diversification tool during normal and bullish market phases, rather than providing a safe
haven for demand shocks.

The potential mechanisms leading to the above four impact patterns can be explained as
follows. First, the paper argues that the heterogeneous causality reflects the importance of
managing asset price tail risk (As in Shahzad et al., 2019). It is difficult to link oil to other
assets during market downturns or high tides, making it necessary for investors to find safe
havens and hedges for oil assets to reasonably mitigate losses in abnormal conditions. Second,
the differential impact patterns of Bitcoin and gold may be attributed to the difference in
the nature of the two assets. Although Bitcoin is known as digital gold, it is less mature
than gold, has higher uncertainty (Lucey et al., 2022), and all of Bitcoin’s characteristics
can be replicated by issuing a similar coin with a similar or different name, whereas gold
cannot be replicated (Baur and Hoang, 2021). These differences would make their similarity
not acceptable to investors, resulting in Bitcoin and gold playing different roles. Third, the
pattern of Bitcoin/gold impact on oil is found to be stable over time and against exogenous
shocks. In the aftermath of international events such as COVID-19 and the RU conflict,

market relationships may change briefly and then recover quickly, and exogenous shocks
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may alter the magnitude of Bitcoin/gold’s impact on the oil market, but not inherently
change its role. Fourth, the heterogenous impact patterns of oil shocks reveal differences in
the behavior of different types of investors. Following Ready (2018), supply shocks are mainly
manifested as oil price changes due to the production and supply capacity of oil-producing
countries, while demand shocks are mainly caused by demand changes for oil in economic
sectors, including manufacturing, oil-intensive and consumer industries. Therefore, different
types of market investors can take advantage of the dynamic and asymmetric relationship
between the Bitcoin/gold and oil markets by choosing different effective shelters and hedges.
Investors, being interested in oil-related investments, can add Bitcoin to their portfolios to
reduce their risk during oil market downturns, while gold is primarily a better hedging asset
for oil producers. In addition, both Bitcoin and gold can serve as hedging and diversification
assets for both supply-side and demand-side investors, with gold offering more significant
diversification benefits.

In summary, we provide empirical evidence that Bitcoin/gold exhibits different patterns
of hedging and sheltering effects in oil-related assets, and these patterns tend to be stable
when facing exogenous shocks over time. When oil prices fall, only gold can protect against
oil price fluctuations. Both Bitcoin and gold can serve as hedges and diversifiers against oil
when the markets boom. For supply shocks, Bitcoin’s diversification role and gold’s hedging
role are more pronounced, while the opposite is true for oil price demand shocks with Bitcoin
serving as a hedge and gold playing more of a hedging and diversification asset role. The
theoretical significance of the empirical finding is that it not only complements the research
on the hedging and safe-haven effects of Bitcoin/gold on the oil market, but also explains
the potential reasons for the inconsistent results of existing studies. In addition, it provides
updated evidence to examine whether the role of Bitcoin/gold changes before and after the
COVID-19 and the RU conflict. The practical implications regarding our obtained results

are to provide recommendations for oil market investors with effective risk management
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of their oil-related portfolios. At the same time, it can help policymakers to have a clear
understanding of the effective investment shelters for various oil price shocks under various

conditions to sustain healthy economic performance and financial stability.

4.5. Robustness Checks

To ensure the robustness of our main findings, we conduct a series of additional anal-
ysis such as alternative estimation techniques, and variable selection to compare with the

benchmark results.

4.5.1. Alternative Granger causality test

We have employed the non-parametric wavelet-based Granger causality (NWGC) test
developed by Chen et al. (2006) and Dhamala et al. (2008) as a robustness check of the
causality between Bitcoin/gold and oil/shocks obtained by causality-in-quantiles test. The
NWGC test is able to capture all spectral features of the data series, thus providing causality
between variables at different time scales. It has been widely confirmed as an appropriate tool
for testing causal relationships between financial series(Benhmad, 2012; Bouri et al., 2017a;
Torun et al., 2020), and is helpful for different types of market traders having different
investment horizons.

Table 2 reports the results of the NWGC test between Bitcoin/gold and oil/shocks.
The NWGC test gives the frequencies corresponding to Granger causality in the respective
directions, and the inverse of the frequency is the cycle length, which shows the range of
trading days that exhibit Granger causality. Table 2 shows that Bitcoin/gold has a significant
causal relationship with oil and shocks. The frequency in the direction from Bitcoin to oil
returns and shocks varies from 0.01 to 0.02 or greater than 0.06. This suggests that Bitcoin
has a significant impact on the oil market in both the short and long terms, ranging from

less than 16 days and 50-100 days. On the other hand, oil and shocks are found to exert
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no impact on Bitcoin returns across any frequencies. Gold exhibits similar test results to
Bitcoin, showing predictive performance in the oil market over a large range of time scales,
while the difference between the role of gold and Bitcoin is that oil can also exert impacts
on the gold market over a longer period of time but not on the Bitcoin market.

The results of the NWGC test can be summarized as follows. Bitcoin behaves as a
unidirectional Granger cause of oil returns and specific shocks and this relationship exists
in the short and long term, gold is also able to influence changes in oil returns and shocks,
while oil in turn is only able to predict the gold market in the long term. These results are
generally consistent with the pattern presented by the quantile causality test.

4.5.2. Alternative quantile estimation strategy

According to Sim and Zhou (2015), the QQ method can be regarded as a decomposition
of the traditional quantile regression(QR), so we follow Duan et al. (2021) and compare the
~v-averaged of the QQ estimates with the traditional QR estimates to check the robustness

of the QQ method results, where the y-averaged of the QQ estimates can be defined as

B =bi(r) = > hulr,), (14)

where n is the number of grid points for 7. Figure 12 gives the QR and ~-averaged QQ
estimates for Bitcoin and gold on oil prices and identified shocks, and some noteworthy
results emerge.

First, the ~v-averaged QQ estimates are close to the QR results in most states in terms
of numerical and economic significance. In a few conditions, such as the y-averaged QQ
coefficient of Bitcoin on supply shocks at 7 = 0.85 is 0.03, while the QR estimate is 0.07, with
large numerical differences, but both suggest a diversified impact for Bitcoin to supply shocks.
Second, the similar QQ and QR coefficients further validate the conclusion in previous section

that Bitcoin can be used as a diversifier for supple shock when it is bearish, and acts as a safe
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haven against demand shocks, while gold produces the opposite pattern of impact against
oil price shocks as Bitcoin.

Thus, the analysis in this section not only shows that the key features of QR models
can be recovered by summarizing the more disaggregated information contained in the QQ
estimates, but also further validates our exploration of the safe haven, hedging, and diversi-

fication roles of bitcoin and gold.

4.5.3. Alternative variable selection

In addition to using the QR regression as an alternative estimation strategy, we re-
estimate the QQ coefficients by replacing the main variables under consideration as another
robustness check. Specifically, for proxy of oil prices, the WTTI crude oil futures price series is
used in place of the early used Brent crude oil futures, for expected returns, the CBOE Crude
Oil Volatility Index (OVX) is replaced by the CBOE Volatility Index(VIX). We control for
a sample interval of January 4, 2016 to January 31, 2023, consistent with that in the main
analysis.

Figure 13 presents the QQ results of the re-estimation after replacing the price series.
For the price of WTTI crude oil futures, Bitcoin returns show a decreasing impact pattern
with increasing market quantile of Bitcoin when oil market is bearish, while the coefficients
are significantly negative when both are bullish (Figure 13 (a)); gold shows a safe haven
effect and stronger diversification (Figure 13 (b)). These surfaces of impact are consistent
with the results of the analysis using Brent crude oil futures. The patterns of the effects
of Bitcoin/gold on identified shocks are also very similar to the estimates from the original
data. The main roles of Bitcoin on the re-decomposed supply shocks are diversifier and
hedging (Figure 13 (c)), while it reflects a sheltering role on demand shocks (Figure 13
(e)). In parallel, gold can act as a safe haven, hedging and diversification asset for supply

shocks (Figure 13 (d)), while it mainly delivers hedging and diversification effects on demand
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shocks (Figure 13 (f)). Thus, the estimated impact of using a series of alternative variables
is generally consistent with the earlier analysis, further supporting the reliability of the

empirical findings of this paper.

5. Conclusion

While there exists widespread attention on the relationship of Bitcoin with financial assets
and commodities, oil-related assets in particular, no consensus has been made that might be
due to the following limitations. First, simply relying on the aggregate data might mask or
even bias the law of oil price dynamics driven by shocks from various sources. Accordingly,
potential difference of the effectiveness of the sheltering role of Bitcoin in the face of oil price
shocks from perspectives of the demand, supply, and risk is neglected. Second, there exists
little in-depth research on studying the non-linearity and asymmetry of the causality and
then the market relationship between Bitcoin and oil across market conditions.

This paper therefore fills the gap by studying the sheltering role of Bitcoin for various
decomposed oil shocks within a quantile-based framework. In specific, we decompose oil
price changes into supply, demand, and risk-driven shocks by employing the method recently
developed by Ready (2018). Next, we use a non-parametric causality-in-quantiles test to
study the causal relationships between Bitcoin/gold and the oil shocks under different market
conditions. The investment sheltering role of Bitcoin with a comparison of gold is further
explored in a full-distribution environment built by a quantiles-on-quantiles method.

Our findings are summarized as follows. The causality is unidirectional that is from
Bitcoin/gold to various oil shocks. Both Bitcoin and gold can generally serve as investment
shelters against adverse oil price fluctuations. Such roles tends to be sensitive across different
quantiles and different types of oil shocks, while being unchanged in the face of shocks from
exogenous events. The sheltering role of gold is found to be greater than that of Bitcoin for

the supply shock, while the results reverse for the demand shock. Specifically, Bitcoin serves
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as a diversifier when oil prices are bearish, while gold acts as a shelter against oil volatility.
Conversely, when oil prices are at high levels, Bitcoin returns are negatively correlated with
oil price changes, while the role of gold shifts to be a diversifier. In relatively normal market
conditions, both Bitcoin and gold can help hedge against oil price volatility. The difference
in the roles tends to become more pronounced in the analysis of decomposition shocks. The
diversification role of Bitcoin and the safe haven effect of gold are more pronounced in lower
quantiles of supply shocks, and they have opposite effects on demand-side oil price shocks
with Bitcoin being as a safe haven and gold acting as a hedge. A series of alternative analyses
ensures the robustness of our findings.

Our findings possess practical implications for selection of an effective investment shelter
against oil depression that is from different sources including the demand, supply, and risk
perspectives of crude oil. Primarily, the effects of Bitcoin/gold on adverse movements in
oil prices exhibit distinct patterns as market conditions change and varying with sources of
price shocks. This suggests that market investors should choose an effective shelter that is
applicable for different conditions based on information about the asymmetric relationship
between Bitcoin/gold and oil. In particular, for different types of oil price shocks, investors
and practitioners from the supply side notably including the oil producers can add gold to
their portfolios to mitigate risk during oil market downturns. At the same time, Bitcoin
is found to be a more effective shelter for demand-side investors mainly including manu-
facturing, oil-intensive and consumer industries. As for policymakers, clear comprehension
of the investment shelters against oil-related fluctuations under various market conditions
contributes to the stabilization of the oil market operations, resulting in healthy economic

performance and financial stability.
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Table 1: Descriptive statistics

Mean Median Std. Dev. Skewness Kurtosis Jarque-Bera ADF

Bitcoin  0.271 0.14 4.265 -0.157 7.029 3425%H* -10.79%H*
Gold  0.039 0.04 0.878 -0.017 6.688 3095%** -11.35%#*
0Oil 0.088 0.23 2.610 -0.497 14.890 15041***  -12.69%**
S¢ 0.124  0.315 4.362 -2.049 25.924 ATE27H**  -12.30%F*

dy -0.033  -0.096 1.697 1.824 27.852 5A55EHHFK 1127

Tt -0.003  -0.050 0.684 5.894 207.045  2972932%4* 1157k

Note: (i)Calculations for Bitcoin, gold and oil are based on logarithmic yields; (ii)The Jarque-Bera (JB)
statistics test for the null hypothesis of normality; (iii)The ADF test reports unit root test results with
the null hypothesis of non-stationarity. (iv)*,** and *** represent the 10%, 5% and 1% significance level
respectively.
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Table 2: Results of nonparametric wave-based Granger causality testing

Bitcoin—0Oil /shocks Oil/shocks— Bitcoin
Frequency Cycle Length Frequency Cycle Length
oil return 0.01-0.02, 0.17 50-100, 10 / /
supply shock  0.01-0.02, 0.061  50-100, 16 / /
demand shock 0.03-0.1 10-33 / /
risk shock 0.01-0.02 50-100 / /
Gold—0Oil/shocks Oil/shocks—Gold

Frequency Cycle Length Frequency Cycle Length
oil return 0.01-0.015, 0.051  66-100, 204  0.01-0.012 83-100
supply shock 0.01-0.02, 0.11 50-100, 104  0.01-0.011 90-100
demand shock  0.01-0.02, 0.087 50-100, 134  0.01-0.012 83-100
risk shock 0.015-0.02 50-66 / /
Note: (i)Bitcoin(Gold) — oil/shocks denotes unidirectional causality from Bitcoin(Gold) to
oil/shocks, oil/shocks — Bitcoin(Gold) denotes unidirectional causality from oil/shocks to

Bitcoin(Gold); (ii)Frequency refers to the cycle per trading day and Cycle Length is the
trading days; (iii) means ’equal and higher than’ and | means ’equal and less than’.
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Figure 1: Causality-in-quantile test results of the Bitcoin price return on the oil futures change and shocks.

Note: (i) The horizontal gray solid line represents the 5% critical value. (ii) The vertical axis reports test
statistics and the horizontal axis indicates quantiles(from q=0.05 to q=0.95).
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Figure 2: Causality-in-quantile test results of the oil futures change and shocks on the Bitcoin price return.

Note: (i) The horizontal gray solid line represents the 5% critical value. (ii) The vertical axis reports test
statistics and the horizontal axis indicates quantiles(from q=0.05 to q=0.95).
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Figure 3: Causality-in-quantile test results of the gold price return on the oil futures change and shocks.

Note: (i) The horizontal gray solid line represents the 5% critical value. (ii) The vertical axis reports test
statistics and the horizontal axis indicates quantiles(from q=0.05 to q=0.95).
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Figure 4: Causality-in-quantile test results of the oil futures change and shocks on the gold price return.
Note: (i) The horizontal gray solid line represents the 5% critical value. (ii) The vertical axis reports test
statistics and the horizontal axis indicates quantiles(from q=0.05 to q=0.95).
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Figure 6: Causality-in-quantile test results of the Bitcoin and gold price return on the oil futures change

pre- and post-COVID-19. Note: (i) The horizontal gray solid line represents the 5% critical value. (ii) The
vertical axis reports test statistics and the horizontal axis indicates quantiles(from q=0.05 to q=0.95).
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Figure 7: Causality-in-quantile test results of the oil futures change to Bitcoin and gold price return pre- and
post-COVID-19. Note: (i) The horizontal gray solid line represents the 5% critical value. (ii) The vertical
axis reports test statistics and the horizontal axis indicates quantiles(from q=0.05 to q=0.95).
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Figure 8: Causality-in-quantile test results of the Bitcoin and gold price return on the oil futures change
pre- and post-RU conflict. Note: (i) The horizontal gray solid line represents the 5% critical value. (ii) The
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Figure 9: Causality-in-quantile test results of the oil futures change to Bitcoin and gold price return pre- and
post-UR conflict. Note: (i) The horizontal gray solid line represents the 5% critical value. (ii) The vertical
axis reports test statistics and the horizontal axis indicates quantiles(from q=0.05 to q=0.95).
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Figure 10: QQ estimates for impacts of Bitcoin/gold returns on oil price changes pre- and post-COVID-19.
Note: This graph depicts the estimates of by (7,7) in model (12), which is placed on the z-axis against the
quantiles of the oil returns (7) on the x-axis and the quantiles of Bitcoin/gold market returns () on the
y-axis. The colors in the color bar measure the magnitude of the Bitcoin/gold impact.
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Figure 11: QQ estimates for impacts of Bitcoin/gold returns on oil price changes pre- and post-RU conflict.
Note: This graph depicts the estimates of by (7,7) in model (12), which is placed on the z-axis against the
quantiles of the oil returns (7) on the x-axis and the quantiles of Bitcoin/gold market returns () on the
y-axis. The colors in the color bar measure the magnitude of the Bitcoin/gold impact.
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Figure 12: Comparisons of the results from the quantile regression(QR) and the QQ estimate for robustness
check. Note: The green dashed line represents the parameter estimates of QR at different quantiles, the red

solid line for each value is the average of the QQ estimates of different quantiles of Bitcoin and gold returns
on oil price changes.
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Figure 13: The robustness check: QQ estimates for impacts of Bitcoin/gold returns on oil price
changes/shocks. Note: This graph depicts the estimates of bi(7,v) in model (12), which is placed on
the z-axis against the quantiles of the oil returns () on the x-axis and the quantiles of Bitcoin/gold market
returns () on the y-axis. The colors in the color bar measure the magnitude of the Bitcoin/gold impact.

95



	Introduction
	Literature review
	Methodology and data
	The structural oil shock decomposition
	The quantile Granger causality test
	The Quantile-on-Quantile approach
	Data

	Empirical results
	Quantile Granger causality analysis
	Quantile-on-quantile (QQ) estimates
	Additional analysis: the impact of structural breaks
	Contextualization of results
	Robustness Checks
	Alternative Granger causality test
	Alternative quantile estimation strategy
	Alternative variable selection


	Conclusion

