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FINANCIAL ECONOMICS | RESEARCH ARTICLE

Do cryptocurrencies and crude oil influence each 
other? Evidence from wavelet-based quantile-in- 
quantile approach
Seyram Pearl Kumah1* and Jones Odei-Mensah2

Abstract:  This study investigates the asymmetric shock transmission mechanisms 
between seven large cryptocurrencies and crude oil at different market conditions 
across time. Wavelet technique was used to decompose the daily return series of 
the assets into wavelet scales to capture trading horizons. We applied quantile 
regression (QR) and quantile-in-quantile Regression (QQR) on the decomposed 
series to capture the bear (bull) market conditions. Applying the QR, we found 
Ethereum, Steller, Ripple and Monero as hedges for oil market volatility at all market 
regimes from medium to long terms. The QR undermined the hedging properties of 
Bitcoin, Litecoin and Das, suggesting possible spread of market disruptions from 
these markets to crude oil market. We observe from QQR that the assets have 
negative influence on each other at bear market but positive influence at bull 
market across time, signifying hedging possibilities for both assets in bear market. 
The significance of our finding is strengthened by the recent rise in the market share 
of cryptocurrencies.
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1. Introduction
Launched in 2009, cryptocurrencies have become global phenomenon with many features includ
ing alternative monetary system (Das & Kannadhasan, 2018; Fantazzini et al., 2016; Rogojanu & 
Badea, 2014), speculative or investment vehicles (Baek & Elbeck, 2015; Corbet et al., 2018; Ji et al., 
2019; Yermack, 2013), hedges, diversifiers and safe havens for crude oil market fluctuations (Al- 
Yahyaee et al., 2019; Selmi et al., 2018) and assets with high volatility (Catania et al., 2018; Chan 
et al., 2017; Gkillas & Katsiampa, 2018; Huynh & L, 2019). The works of Rogojanu and Badea (2014) 
and Popper (2015) consider cryptocurrencies as digital gold owing to their hedge and safe haven 
characteristics. Crude oil is an essential commodity in the global economy but has exhibited high 
volatility and shocks over the past decade (Al-Yahyaee et al., 2019) and spilling over to other 
markets (Coudert et al., 2008; Ji et al., 2018a; Zhang et al., 2009).

Following Das and Kannadhasan (2018), an economy’s inflation and general price movement is 
measured by movements of crude oil price, suggesting crude oil price as the harbinger of infla
tionary conditions in an economy. Studies by Krugman (2008) and Palombizio and Morris (2012) 
demonstrate that crude oil price is the major cause of cost and demand pressures in an economy 
and that the price of cryptocurrencies may appreciate (depreciate) when the general price level 
changes due to fluctuations in crude oil price (Ciaian et al., 2016). This shows the importance of 
investigating the dynamic interdependences between cryptocurrencies and crude oil returns at 
different market regimes in a time–frequency space to uncover the shock transmission mechan
isms between the assets across time.

The empirical studies on cryptocurrencies in recent times are focused on the hedge and safe 
haven characteristics of cryptocurrencies relative to commodities (Bouri et al., 2018; Dyhrberg, 
2015b: Baur et al., 2018; Bouri et al., 2017b; Bouri et al., 2018; Shahzada et al., 2019). However, the 
majority of these studies focus solely on Bitcoin and omit altcoins even though the works of Lee 
et al. (2017), Selmi et al. (2018) and Corbet et al. (2018) suggest that Bitcoin and altcoins are new 
investment opportunities that can reduce the risk of a well diversified portfolio. Further, the time- 
variability, nonlinearity and asymmetric associations between the asset markets have not been 
extensively explored. Following Selmi et al. (2018) and Al-Yahyaee et al. (2019), these asset 
markets are characterized by nonlinear relationships and unusual dependencies and exhibit high 
volatility in prices despite being essential to the global economy. As accurate measurement of 
relationships between assets is critical for portfolio optimization and has implication for risk 
management, it is important to comprehensively investigate the connectedness between crude 
oil and cryptocurrencies during different market episodes across time to deepen the academic, 
regulators and international investors’ knowledge on the potential benefits and risk of these asset 
markets.

Motivated by the above discourse, we employ nonparametric wavelet-based quantile-in-quantile 
technique to model the effects of cryptocurrencies on gold and crude oil at different market states 
in a time–frequency space. We use wavelet technique to decompose the return series of the assets 
into short-, medium- and long-term trading horizons to capture the multiscale nature of relation
ship in financial market as used by Das and Kannadhasan (2018). We complement the study of 
Selmi et al. (2018) by examining the dynamic dependencies between crude oil and cryptocurren
cies at bear (bull) states applying quantile regression (QR) and quantile-in-quantile regression 
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(QQR) on the decomposed series to capture the nonlinear and asymmetric association of the 
assets. The use of QR technique captures both lower and upper tail dependencies in addition to 
average dependence conditional on varying crude oil and cryptocurrencies market regimes. The 
QQR approach models the reverse causality where the quantile of cryptocurrency returns with their 
various frequencies are expressed as a function of crude oil returns. This provides precise informa
tion to investors to hedge against their downside risk across time and market regimes.

The findings from QR indicate that only four of the cryptocurrencies studied (Ethereum, Steller, 
Ripple and Monero) can hedge oil market volatility at bear (bull) states from medium to long-term 
horizons. The QR result undermined the potential of Das, Litecoin and Bitcoin markets as hedges 
for crude oil market fluctuations, suggesting shock transmission from Bitcoin, Litecoin and Das 
markets to crude oil market. The QQR depict inverse association between the cryptocurrencies and 
crude oil returns when their market is bear but positive association when their market is bull across 
the time horizons. Thus, both cryptocurrencies and crude oil have hedging properties for each 
other at bear market across time. Our study departs from prior studies by showing that the 
connections between crude oil and cryptocurrencies are time-varying and also depend on the 
state of market. The choice of cryptocurrencies and crude oil is not arbitrary but because crude oil 
is a major commodity traded in commodity exchanges and there has also been a creation of 
blockchain platform1 which facilitates crude oil trade between firms in the commodity industry. 
Importantly, crude oil price drives the price formation of cryptocurrencies; therefore, the response 
of cryptocurrencies to crude oil price shocks is crucial for risk management and asset allocation 
(Van Wijk, 2013).

The remainders of the study are structured as follows. Section 2 is the literature review, section 3 
covers a description of the methodology. Section 4 covers a description of data and statistical 
properties. Section 5 captures the results and discussion on the interdependencies between 
cryptocurrencies and crude oil markets. Section 6 is the conclusion and policy implications.

2. Brief literature review
The modern portfolio theory propounded by Markowitz (1952) contends that adding an asset to 
a portfolio should be considered in the light of its impact on the performance and risk of the 
portfolio of assets. In today’s market, cryptocurrencies are digital assets with unique reward/risk 
profile with brand new level of correlation to conventional asset classes which can add previously 
unattainable level of asset mix to an investor’s holdings and impact the level of exposure and risk 
an investor has in a potentially positive way. As discussed by Diebold and Yilmaz (2012), Barunik 
and Krehlik (2018) and Wu et al. (2014) that cryptocurrencies enhance the portfolio of investors, 
studies have modeled the relationship between Bitcoin and crude oil returns. Notable studies in 
this regard include Selmi et al. (2018), who use conditional and unconditional QQR technique to 
study the impact of gold and Bitcoin on crude oil market and find that gold and Bitcoin can hedge 
crises in oil markets. Investigating the behavior of Bitcoin in portfolio including gold and crude oil, 
Guesmi et al. (2019) employ VARMA-DCC-GARCH framework and report that Bitcoin has the ability 
to reduce portfolio risk when included in portfolio made up of crude oil. More recently, Kurkaa 
(2019) uses volatility spillover framework to examine the nature of shock transmissions among 
stocks, commodities, financials, foreign exchange and Bitcoin. This study reports that Bitcoin 
cannot be a hedge to the traditional assets because of its low correlation with the assets. The 
study also reports a spillover from Bitcoin market disruptions to the traditional assets market.

Al-Yahyaee et al. (2019) apply GARCH model to gold, oil and Bitcoin and examine the ability of 
Bitcoin and gold as a hedge against oil market volatility. Findings show that both gold and Bitcoin 
are good hedges for oil market risk management. Similarly, Ciaian et al. (2016) employ ARDL to 
explore the relationship between 17 virtual currencies, including Bitcoin, and control for crude oil 
price, stock market index, interest rate, gold and exchange rate. The findings show that shocks in 
Bitcoin price impact 15 altcoins, and in the long-run, Bitcoin and four altcoin prices cointegrate. 
Further, Ji et al. (2019) apply transfer entropy technique to explore the information 
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interdependence among cryptocurrencies, agricultural, metals and energy commodities and report 
integration between cryptocurrencies and the commodities.

The empirical literature above highlights different dimensions of the connections between 
cryptocurrencies and commodities (Henriques & Sadorsky, 2018; Klein et al., 2018; Kurkaa, 2019; 
Selmi et al., 2018; Shahzada et al., 2019), making the relationship between the variables unclear, 
which can be attributed to different parametric techniques used to model the returns of crypto
currencies and commodities. As discussed by Vandezande (2017) that the behaviour of cryptocur
rencies compared to other assets should be robustly analysed to provide regulatory bodies and 
policy makers with the risk and benefits of the assets, we employ wavelet-based quantile-in- 
quantile technique to model the asymmetric effects of cryptocurrencies on crude oil at different 
market state in a time–frequency space. Following the heterogeneous market hypothesis by Müller 
et al. (1993),2 we decompose the time series of the variables into high, medium and low frequen
cies using wavelet to account for the multi-scale nature of relationship in assets market as did Das 
and Kannadhasan (2018). We examine the dynamic dependencies between assets at bear (bull) 
states applying QR and QQR on the decomposed series.

3. Methodology
Agents in financial markets have varying decision making timescales, and wavelet analysis can be 
used to explore the association between market returns over different time and frequencies by 
decomposing a time series into multiple time series associated with varying time and frequencies. 
Following the work of Catania et al. (2018), the return series of cryptocurrencies display features 
similar to the return series of traditional assets including extreme observations, leptokurtosis, 
time-varying asymmetric variability, nonlinear relationships, unusual dependencies and hetero
scedasticity, although cryptocurrencies once invested at the correct period provide immense profit 
to their owners, and the QR and QQR can account for these properties of the financial time series 
data. Therefore, we model the dynamic dependences between crude oil and cryptocurrencies at 
bear (bull) states across time employing the maximal overlap discrete wavelet transform 
(MODWT), QR and QQR. This involves a two-step approach of using MODWT to decompose the 
series into various wavelet scales based on which QR and the QQR are applied. Pertinent studies 
that have used this approach include Mishra et al. (2019) and Bouri, Gupta et al. (2017).

3.1. Maximum overlap discrete wavelet transform
The MODWT that simultaneously localizes variations in signal in time and frequency is used to 
decompose the return series of cryptocurrencies and crude oil into different timescales (Percival & 
Walden, 2000). As Ramsey (2002) notes, we can represent any function of time with scaling 
function, also known as father wavelet ;ð Þ, and wavelet function, also known as mother wavelet 
φð Þ. Father wavelets integrate into one and are used to represent very long scale smooth compo

nents of the signal, whereas mother wavelets integrate to zero and are used to represent devia
tions that occur in the smooth components. Scaling coefficients are generated by father wavelets, 
whereas mother wavelets give rise to differencing coefficients.

We define father wavelet as 

;j;k ¼ � 2� j=2;
t � 2jk

2j

� �

with ò ; tð Þdt ¼ 1 ð1Þ

and mother wavelet as 

φj;k ¼ � 2� j=2φ
t � 2jk

2j

� �

with ò φ tð Þdt ¼ 0 ð2Þ
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From the father and mother wavelets, the basic functions which define the sequence of coeffi
cients are constituted. The father wavelet smooth coefficients are defined as 

SJ;k ¼ ò f tð Þ;J;k ð3Þ

and the mother wavelet detail coefficients as 

dj;k ¼ ò f tð ÞφJ;kwith j ¼ 1; . . . J ð4Þ

The maximal scale of the former is 2j, while the details are computed from the mother wavelets at 
all scales from 1 to J. The function f (.) from the coefficient above is defined as 

f tð Þ ¼ ∑ k SJ;k;J;k tð Þ þ∑ k dJ;kφJ;k tð Þ . . .þ∑ k dJ;kφj;k tð Þ . . .þ∑ k d1;kφ1;k tð Þ; (5) 

which is simplified to 

f tð Þ ¼ SJ þ DJ þ DJ� 1 þ . . .þ DJ þ . . .þ D1 (6) 

with orthogonal components defined as 

SJ ¼ ∑ k SJ;k;J;k tð Þ (7)  

DJ ¼ ∑kdJ;kφJ;k tð Þ:j ¼ 1;&:::J (8) 

The resulting multihorizon (multiresolution) breakdown of f(t) is SJ;DJ� 1;...;D1
� �

. Di calculates the jth 
level wavelet detail related with changes in the series at scale λj.... Sj denotes cumulative sum of 
alterations at each level, and as j increases, Sj becomes smoother and smoother (Gençay et al., 
2002). The study employs MODWT to estimate the scaling and wavelet coefficients. An advantage 
of using MODWT is that it does not restrict the sample size to an integer multiple of 2J0, unlike the 
discreet wavelet transform (DWT) (Percival & Walden, 2000).

The smooth and detail coefficients of a MODWT are allied with zero phase filters, which helps to 
align the features of original time series with that of multi-resolution analysis (MRA), and DWT- 
based estimators are asymptotically less efficient compared to MODWT (Gençay et al., 2002; 
Percival, 1995; Percival et al., 1997). Nonetheless, the MODWT employs moving difference and 
average operator, thus keeping the exact number of observations at each wavelet decomposition 
scale, while the DWT employs weighted differences and average attached pairs of observations.

The study applies Daubechies least asymmetric (LA) filter of length eight (LA8) to decompose the 
series due to its smoothness compared to HAAR wavelet filters which were widely applied in prior studies 
(Gençay et al., 2002). Cornish et al. (2006) documents that the coefficients provided by LA8 filter exhibit 
better uncorrelatedness across scales than the HAAR filter. In the study, we decompose the series into 
wavelet coefficients D1 to D6 because feasible wavelet coefficients get smaller for higher-level 
decompositions.3 The detail coefficient Dj provides the resolution of data at scale 2j to 2j+1. The oscilla
tions of periods of 2–4, 4–8, 8–16, 16–32, 32–64 and 64–128 days are represented by wavelet scales 
D1;D2;D3;D4;D5; andD6 respectively. The wavelet smooth S6 represents the long-term movements.

3.2. The quantile-in-quantile approach
Majority of studies employ classical linear regression model to analyze and estimate the relation
ship between any two time series data and then move on to the conventional QR technique 
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proposed by Koenker and Bassett (1978). Since the inception of the QR analysis, it has become 
a common tool to model and analyze the time-varying degree and dependence structure between 
time-series data. Unlike the classical linear or non-linear regression models, the QR analysis 
precisely and accurately measures the impact of explanatory variable on the different quantiles 
of a dependent variable of the given distribution and thereby enabling us to judge the compre
hensive relationship between variables across different time periods (see, Koenker, 2005). The QR, 
which is an extension of classical linear regression model, provides information on tail dependence 
(i.e., upper and lower tails) in addition to the median.

The major weakness of the QR approach is that it cannot capture entire dependency. The QR 
does not accommodate the possibility that movements of crude oil price may also influence the 
hedging properties of cryptocurrencies even though it can analyze and estimate the heteroge
neous relationship between crude oil and cryptocurrencies at various points of the conditional 
distribution of crude oil returns. Hence, Sim and Zhou (2015) proposed a quantile-in-quantile (QQ) 
approach, which is theoretically believed to be the combined product of conventional QR and 
nonparametric estimations. The QQ technique has been utilized in the field of applied growth and 
energy economics to empirically investigate how the quantiles that emerge from a variable may 
affect the conditional quantiles of another variable.

Employing the QQ approach, we model the quantile of crude oil returns (and its frequencies) as 
a function of the quantile of cryptocurrency returns. The QQ approach provides a clear and more 
complete picture of dependence by capturing the diverse relationships between the dependent 
and independent variables at each point of their conditional distributions. The QQ technique is 
implemented by selecting a number of quantiles of cryptocurrency returns and its various fre
quencies on the various quantiles of crude oil returns. The study follows Sim and Zhou’s (2015) 
single equation regression approach, which is also based on Ma and Koenker (2006).

Therefore, the QQ approach used in this study to model the effect of the quantiles of crypto
currency returns on the quantiles of the crude oil returns has its starting point of representation in 
the following nonparametric QR equation: 

Ot ¼ βθ Crptð Þ þ μθ
t (9) 

Where Ot denotes crude oil returns at period t, Crpt denotes cryptocurrency returns at period t, θ is 
the θth quantile of the conditional distribution of Ot and uθ

t is the quantile residual term whose 
conditional θth quantile is assumed to be zero. βθ �ð Þ is an unknown function since we lack prior 
information on the relationship between crude oil and cryptocurrencies returns.

This QR model empirically studies the impact of movements of cryptocurrency returns on crude 
oil returns while exploring the varying effects of crude oil returns across different quantiles of 
cryptocurrency returns. The main advantage of this regression specification is the flexibility to 
capture the functional form of the dependency relationship between crude oil and 
cryptocurrency returns. Finally, the asymmetric effects of cryptocurrency returns on crude oil 
returns are possible in response to both negative and positive shocks arising from crude oil returns.

Notably, to establish the relationship between the θth quantile of cryptocurrency returns and the 
τth quantile of crude oil returns, the local linear regression is used to examine equation 9 in the 
neighbourhood of Crpτ. Given the unknown value of βθ �ð Þ, the regression function can be expanded 
via a first-order Taylor expansion around a quantile of Crpτ in the following way: 

βθ Crptð Þ � βθ Crpτð Þ þ βθ0 Crpτð Þ Crpt � Crpτð Þ (10) 
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We can redefine βθ Crpτð Þ and βθ0 Crpτð Þ as β0ðθ; τÞ and β1ðθ; τÞ based on the study of Sim and Zhou 
(2015). Accordingly, equation (10) can be re-written as follows: 

βθ Crptð Þ � β0 θ; τð Þ þ β1 θ; τð Þ Crpt � Crpτð Þ (11) 

By substituting equation (11) into equation (9), we arrive at equation (12) as follows: 

Ot ¼ β0 θ; τð Þ þ β1 θ; τð Þ Crpt � Crpτð Þþ
|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

�ð Þ

μθ
t (12) 

where (*) gives the conditional quantile of θth of cryptocurrency returns. Further, it reveals the 
actual association between the quantile of cryptocurrency returns (θth) and the quantile of crude 
oil returns (τth) of parameters β0 and β1 with indices of θ and τ. As in ordinary least squares (OLS), 
a similar minimisation is applied to arrive at equation (13) 

minb0;b1 ∑ i
n ρθ Ot � b0 � b1 dCrpt �

dCrp
τ� �h i

K
Fn dCrpt � τ
� �

h

0

@

1

A (13) 

where ρθ uð Þ is the quantile loss function representing as ρθ uð Þ ¼ u θ � I u<0ð Þð Þ, i is the function of 
indicator, K �ð Þ is the kernel density function and h denotes kernel density function bandwidth 
parameter. The kernel function weights the observations of Crpτ where the minimal weights are 

negatively related to distribution function of dCrpt as Fn dCrpt

� �
¼ 1

n ∑k¼1
n IðdCrpk<dCrptÞ.

Employing nonparametric estimation approach makes the choice of bandwidth more critical. 
The bandwidth offers the smoothness of the resulting estimate by determining the size of the 
neighbourhood around the target point. More specifically, it shows that the larger bandwidth will 
produce strong bias in estimates and the smaller bandwidth will also lead to estimates with higher 
variance. Therefore, the choice of bandwidth matters a lot for this study as it often brings 
a balance between bias and variance. Following the recent methodical approach of Sim and 
Zhou (2015), the study uses a bandwidth parameter h ¼ 0:05 to 0:95½ � for our analysis.

4. Data description and preliminary analysis
In this study, we focus on seven large cryptocurrencies (Bitcoin, Ethereum, Litecoin, Das, Ripple, 
Monero, and Steller) and Brent crude oil prices to achieve our set objectives. The cryptocurrencies 
sampled have existed for the past 5 years and are among the top 15 currencies by market 
capitalization. The included commodity is produced on a commercial scale and has significance 
in international trade. Daily closing market data for the period 10 August 2015 to 18 February 2019 
are gleaned from CoinMarketCap for the cryptocurrencies and Bloomberg database for the crude 
oil and expressed in US dollar to ease comparison and alleviate exchange rate noise 
(Pukthuanthong & Roll, 2009).

We calculated Monday-to-Friday returns for cryptocurrencies due to Brent crude oil not traded 
on weekends. Following Martens and Poon (2001), we removed the non-synchronous data points 
to prevent the problem of underestimation of true correlations and regressions. After matching the 
daily observations of the seven cryptocurrencies with crude oil prices, there were 877 observations. 
The number of observations in this study is constrained by availability of cryptocurrency price data.

The daily return series of the assets are decomposed into a number of scales depending on the 
number of observations, and they represent short-, medium- and long-term dynamics of the 
assets. In line with extant literature, wavelet scales D1, D4 and D6 are taken as representing 
short-, medium- and long-term movements of the assets as used by Das and Kannadhasan (2018). 

Kumah & Odei-Mensah, Cogent Economics & Finance (2022), 10: 2082027                                                                                                                        
https://doi.org/10.1080/23322039.2022.2082027                                                                                                                                                       

Page 7 of 25



Ta
bl

e 
1.

 S
um

m
ar

y 
st

at
is

tic
s 

of
 c

ry
pt

oc
ur

re
nc

ie
s 

an
d 

cr
ud

e 
oi

l r
et

ur
ns

St
at

is
tic

s
BT

C
BT

C.
D1

BT
C.

D4
BT

C.
D6

ET
H

ET
H.

D1
ET

H.
D4

ET
H.

D6
O

bs
er

v.
87

7
87

7
87

7
87

7
87

7
87

7
87

7
87

7

M
ea

n
0.

00
21

0
0

0
0.

00
3

0
0

0

St
d.

 D
ev

.
0.

04
2

0.
02

91
0.

01
04

0.
00

51
0.

07
2

0.
04

8
0.

01
73

0.
01

11

Sk
ew

ne
ss

−0
.2

38
6

−0
.1

61
1

0.
23

03
0.

02
28

0.
62

2
−0

.0
22

5
0.

44
84

0.
07

87

Ku
rt

os
is

4.
81

88
4.

01
84

1.
42

4
0.

81
12

4.
01

3
2.

06
71

1.
32

57
0.

22
02

N
or

m
te

st
.W

0.
91

18
0.

93
62

0.
97

95
0.

98
07

0.
93

3
0.

96
59

0.
98

09
0.

98
8

N
or

m
te

st
.p

0
0

0
0

0
0

0
0

St
at

is
tic

s
LT

C
LT

C.
D1

LT
C.

D4
LT

C.
D6

XM
R

XM
R.

D1
XM

R.
D4

XM
R.

D6
O

bs
er

v.
87

7
87

7
87

7
87

7
87

7
87

7
87

7
87

7

M
ea

n
0.

00
06

0
0

0
0.

00
14

0
0

0

St
d.

 D
ev

.
0.

06
19

0.
04

18
0.

01
6

0.
00

79
0.

07
09

0.
05

17
0.

01
51

0.
00

94

Sk
ew

ne
ss

1.
26

38
0.

21
61

0.
67

04
0.

60
36

0.
63

24
0.

17
4

0.
24

73
−0

.0
52

4

Ku
rt

os
is

12
.3

22
21

.7
45

3.
55

07
1.

42
48

5.
07

18
2.

83
6

0.
25

86
0.

08
47

N
or

m
te

st
.W

0.
84

07
0.

91
05

0.
93

4
0.

95
54

0.
93

55
0.

96
79

0.
99

43
0.

99

N
or

m
te

st
.p

0
0

0
0

0
0

0
0

St
at

is
tic

s
XR

P
XR

P.
D1

XR
P.

D4
XR

P.
D6

XL
M

XL
M

.D
1

XL
M

.D
4

XL
M

.D
6

O
bs

er
v.

87
7

87
7

87
7

87
7

87
7

87
7

87
7

87
7

M
ea

n
0.

00
26

0
0

0
0.

00
53

0
0

0

St
d.

 D
ev

.
0.

06
66

0.
04

85
0.

01
55

0.
00

91
0.

09
4

0.
06

63
0.

01
93

0.
01

44

Sk
ew

ne
ss

4.
55

93
−0

.2
87

5
0.

62
59

−0
.7

79
1

2.
11

25
0.

60
04

0.
53

11
0.

34
34

Ku
rt

os
is

77
.2

56
2

10
2.

80
2

8.
88

9
3.

05
18

17
.8

31
9

8.
53

55
2.

63
01

1.
14

58

N
or

m
te

st
.W

0.
59

19
0.

54
74

0.
86

26
0.

93
08

0.
85

67
0.

91
74

0.
96

91
0.

97
62

N
or

m
te

st
.p

0
0

0
0

0
0

0
0 (C

on
tin

ue
d)

Kumah & Odei-Mensah, Cogent Economics & Finance (2022), 10: 2082027                                                                                                                        
https://doi.org/10.1080/23322039.2022.2082027

Page 8 of 25



Ta
bl

e1
. (

Co
nt

in
ue

d)
 

St
at

is
tic

s
DA

SH
DA

SH
.D

1
DA

SH
.D

4
DA

SH
.D

6
OI

L
OI

L.
D1

OI
L.

D4
OI

L.
D6

O
bs

er
v.

87
7

87
7

87
7

87
7

87
7

87
7

87
7

87
7

M
ea

n
0.

00
21

0
0

0
0.

00
03

0
0

0

St
d.

 D
ev

.
0.

05
88

0.
04

18
0.

01
38

0.
00

69
0.

02
19

0.
01

63
0.

00
54

0.
00

27

Sk
ew

ne
ss

0.
31

05
0.

24
44

0.
34

64
0.

43
08

0.
07

78
−0

.1
03

0.
13

36
−0

.2
83

Ku
rt

os
is

3.
49

02
2.

37
09

1.
33

9
0.

28
88

2.
33

07
1.

93
24

1.
58

37
0.

15
06

N
or

m
te

st
.W

0.
94

46
0.

96
51

0.
98

07
0.

97
98

0.
97

08
0.

97
91

0.
98

39
0.

98
63

N
or

m
te

st
.p

0
0

0
0

0
0

0
0

N
ot

e:
 N

or
m

te
st

.W
 in

di
ca

te
 S

ha
pi

ro
-W

ilk
 te

st
 o

f n
or

m
al

ity
 w

hi
ch

 is
 re

je
ct

ed
 a

t a
ll 

co
nv

en
tio

na
l l

ev
el

 o
f s

ig
ni

fic
an

ce
. D

1,
 D

4,
 D

6 
de

no
te

s 
sh

or
t-

, m
ed

iu
m

- a
nd

 lo
ng

-t
er

m
, r

es
pe

ct
iv

el
y.

 B
TC

, B
itc

oi
n;

 E
TH

, 
Et

he
re

um
; L

TC
, L

ite
co

in
; X

RP
, R

ip
pl

e;
 X

M
R,

 M
on

er
o;

 X
LM

, S
te

lle
r; 

DA
SH

, D
as

; O
bs

er
v.

, o
bs

er
va

tio
n 

an
d 

St
d.

 D
ev

., 
st

an
da

rd
 d

ev
ia

tio
n.

 

Kumah & Odei-Mensah, Cogent Economics & Finance (2022), 10: 2082027                                                                                                                        
https://doi.org/10.1080/23322039.2022.2082027                                                                                                                                                       

Page 9 of 25



The summary statistics of cryptocurrencies and crude oil returns at composite and decomposed 
levels are reported in Table 1. The daily average returns of the assets are close to zero at 
composite level, with cryptocurrencies showing the highest average return, whereas the decom
posed levels show zero average returns. The values for standard deviation depict that those 
cryptocurrencies are more volatile relative to crude oil.

The skewness and kurtosis of the series indicate that all the returns are skewed and leptokurtic, 
indicating asymmetry and heavy tail. This non-normality is confirmed by Shapiro-Wilk test of normal
ity, which shows asymmetry in the series at all conventional levels of significance. Further, the return 
plots of the composite and decomposed series reported in Figure A2 in the appendices exhibit 
volatility clusters, fat tails, and asymmetry, suggesting nonlinearity. These stylized facts justify the 
motivation to use wavelet decomposition to model the frequency-dependent volatility of the series 
and quantile-based technique to model heavy tails of cryptocurrencies and crude oil and examine 
their association in bullish, normal and bearish market states.

5. Results and discussion
To investigate the asymmetric shock transmission mechanisms between cryptocurrencies and 
crude oil at different market episodes across time and uncover their hedging4 properties, we 
choose the lower quantiles τ ¼ 0:05 to 0:45ð Þ as bear market where the price of the assets are 
low, indicating negative shocks to the asset markets, the medium quantile τ ¼ 0:50ð Þ as normal 
market where prices are stable with no shock to the asset markets, and upper quantiles 
τ ¼ 0:55 to 0:95ð Þ as bull market where prices are high, suggesting positive shocks to the asset 

markets as used by Selmi et al. (2018) and Mensi et al. (2016). The wavelet scales D1, D4 and D6 
represent short-, medium- and long-term movements of the assets, respectively, also indicating 
trading horizons. We present the results and discussion for QR and QQR in Tables 2 and 3 in 
sections 5.1 and 5.2, respectively.

5.1. QR results for crude oil and cryptocurrencies
Table 1 exhibits the QR estimates for crude oil and cryptocurrency returns, and the plot of these 
estimates are shown in Figure A1 in the appendices for a further appreciation of the dynamics. The QR 
estimates on the impact of cryptocurrencies on crude oil reported in Table 1 displays a significant 
effect of cryptocurrencies on crude oil at some composite levels and some wavelet scales.

For Bitcoin (BTC) market, the medium (D4) and long (D6) scales depict positive effects of Bitcoin 
on crude oil across all quantiles, suggesting that shocks in Bitcoin market can spillover to crude oil 
market from the medium to long-term horizons. This finding indicates that Bitcoin do not have 
hedging properties for extreme oil price movements across time and at the market regimes. This 
contradicts the findings of Bouri, Azzi et al. (2017a), Al-Yahyaee et al. (2019), Selmi et al. (2018), 
and Guesmi et al. (2019) who found Bitcoin as a hedge which can reduce the portfolio risk of crude 
oil. However, the finding provides evidence in support of Kurkaa (2019), who finds Bitcoin as not 
a hedge for traditional assets due to its positive correlation with the assets.

Ethereum (ETH) displays negative effects on crude oil at the lowest quantile (o.15, 0.10) at the 
short (D1) and medium (D4) scales. However, Ethereum shows positive effects on crude oil across 
all quantiles in the long scale (D7). This implies that extreme market fluctuations in Ethereum do 
not have an impact on crude oil market and that Ethereum can hedge the position of crude oil 
investors at bear market in the short and medium-time horizons. However, Ethereum cannot 
hedge oil market risk in the long term as shocks in Ethereum market have the possibility of 
transmitting to crude oil market. For Litecoin (LTC), we observe a highly significant positive effect 
on crude oil across all quantiles at both medium (D4) and long (D6) scales, indicating that Litecoin 
does not have hedging properties for extreme oil market downturns at all market state across the 
investment horizons since shocks in Litecoin market can transmit to crude oil market across all 
time horizons. We confirm the findings of Corbet et al. (2018) that support the hedging properties 
of Litecoin for crude oil. The short scale of Monero (XMR) depicts that movement of Monero has 
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positive effect on crude oil prices at quantiles (0.30 to 0.90). The medium-term movement of 
Monero has negative effects on crude oil at lower quantiles (0.05, 0.10) and upper quantiles (0.90, 
0.95) but positive effects at quantiles (0.30 to 0.50). Nonetheless, the long scale of Monero shows 
positive association across all distribution. This finding shows the possibility of market discrepan
cies spilling over from Monero market to crude oil market in the short- and long terms and that 
hedging strategies are only feasible at the bear (bull) market states in the medium term for oil 
traders when oil price is very low and very high. The findings on Ethereum and Monero comple
ment previous studies such as Chuen et al. (2017), Corbet et al. (2018), and Selmi et al. (2018), who 
demonstrated that these digital currencies are new tools to diversify portfolios and reduce risk.

In the case of Ripple (XRP), we find negative association from (0.35 to 0.80) at the composite 
scale, the quantiles (0.35 to 0.60) at the short scale, across all quantiles at the medium scale 
and at lower quantiles (0.05 to 0.15) at the long scale. The quantiles (0.20 through to 0.85) 
depict highly significant positive connections with crude oil at the long scale. The implication of 
the results is that crude oil investors can use Ripple to hedge negative shocks in crude oil price 
at bear market in the short and long terms but all market conditions in the medium term 
whether oil price is in upside, normal or downside regime. The Das (DASH) market behaves 
similar to Bitcoin and Litecoin markets with positive effects on crude oil at both medium and 
long scales, implying that Das cannot hedge oil market turmoil at any of the market states 
across the horizons since Das behaves just like crude oil across all quantiles in the various 
investment horizons. With regards to Steller (XLM), we find positive impact on crude oil in the 
short scale at quantiles (0.05 to 0.30), all quantiles in the medium scale but negative impact at 
lower quantiles (0.05, 0.10) and upper quantiles (0.70 to 0.95) in the long scale. This result 
indicates that Steller has hedging properties for oil investors at bear and bull markets in the 
long term when there are both negative and positive shocks in crude oil price. The findings on 
Steller and Ripple is in line with the works of Corbet et al. (2018), Chuen et al. (2017), and Selmi 
et al. (2018), who reported that cryptocurrencies have diversification benefits for traditional 
assets including crude oil.

To sum it all up, our findings undermine the hedging potentials of Bitcoin, Litecoin and Das 
markets for crude oil crises and suggest that Bitcoin, Litecoin and Das market disruptions may 
spread to crude oil market at the various market conditions across the time horizons. However, 
Ethereum can hedge against oil market turmoil at bearish regime when oil price is very low in the 
short- and medium-time horizons. Hedging properties are feasible using Monero in the medium 
term at both bull and bear regimes. In the short-, medium- and long-term and at all market states, 
Ripple can hedge against oil market crises. Lastly, investors can use Steller to hedge oil crises in the 
long term when oil price is in very low and high states.

In general, the findings for Bitcoin, Litecoin and Das markets contradict the findings of Selmi 
et al. (2018), Dyhrberg (2016), Bouri et al. (2017a), Corbet et al. (2018), who discussed that Bitcoin 
and altcoins are safe havens, diversifiers and hedges for crude oil market. However, the findings on 
Ethereum, Monero, Steller and Ripple complement previous studies such as Lee et al. (2017), 
Corbet et al. (2018), and Selmi et al. (2018), who demonstrated that these digital currencies are 
new tools to diversify portfolios and reduce risk.

5.2. QQR Results for crude oil and cryptocurrencies
The QR estimates the heterogeneous response of crude oil to cryptocurrencies across quantiles of 
the conditional distribution of crude oil returns. However, it neglects the possibility that crude oil 
prices in low, normal or high regimes can also impact the hedging properties of cryptocurrencies. 
Thus, QR estimates a unidirectional effect of cryptocurrencies on crude oil, while QQR 
investigates the bidirectional association (reverse causality) between crude oil and cryptocurren
cies. Therefore, we combine these two approaches to explore the entire dynamic dependencies of 
the assets.
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The QQR estimates reported in Table 2 in the appendices do not show significance levels 
because QQR is nonparametric technique but can be validated with parametric QR coefficients. 
As Bouri, Gupta et al. (2017) notes, the estimates generated by QR are decomposed into the 
specific quantiles of the explanatory variables by the QQR.

The QQR estimates on the asymmetric associations between cryptocurrencies and crude oil 
show larger coefficients relative to QR estimates. The upper half of the distribution depicts 
negative effects at quantiles (0.05 to 0.50) across all time scales (short, medium and long 
scales), while the lower half of the distribution exhibits positive effect at quantiles (0.55 to 
0.95) across the trading horizons. The implication of this finding is that, under bearish and 
normal market states τ ¼ 0:05 to 0:50ð Þ, shocks in the price of cryptocurrencies do not influence 
crude oil price, while shocks in crude oil price do not also affect cryptocurrency prices, 
suggesting that both assets can hedge the crises of each other in the short-, medium- and 
long-term horizons.

However, market discrepancies from either of the markets can spillover to the other at bull 
regimes across time, implying that neither of the asset markets is a hedge for the other at bull 
market across time. This finding is in line with Chuen et al. (2017), Corbet et al. (2018) and Selmi 
et al. (2018), who illustrated that cryptocurrencies are new tool to diversify portfolios and reduce 
risk. The QQR estimates for crude oil and cryptocurrencies are shown in Table 2.

We plot the coefficients of both QR and QQR to test the validity of QQR. The line plots of the 
coefficients of QR and QQR in Figure A1 in the Appendices depict that QR estimates largely confirm 
QQR by the closeness in pattern of both QQR and QR across time-scales and quantiles which only 
differ in magnitude thereof. This shows the appropriateness of employing both techniques in this 
study. The pictorial view shown by the line plots of QQR and QR displays the bear and bull trends in 
crude oil and cryptocurrency markets.

6. Conclusion and policy implication
This study evaluates the asymmetric shock transmission mechanisms between cryptocurrencies 
(Bitcoin, Ethereum, Litecoin, Ripple, Das, Monero and Steller) and crude oil applying a relatively new 
technique wavelet-based QQR analysis. We applied the MODWT to decompose the daily return 
series of cryptocurrencies and crude oil into wavelet scales D1, D4 and D6 representing the short-, 
medium-, and long-term trade horizons, respectively. We then applied QR and QQR introduced by 
Koenker and Bassett (1978) and Sim and Zhou (2015), respectively, on the decomposed series to 
establish the association between the asset markets over 19 quantiles τ ¼ 0:05o0:95ð Þ to capture 
the bear (bull) market conditions.

Both QR and QQR results highlight heterogeneous effect of movement of cryptocurrencies on crude 
oil returns across quantiles and time scales. Specifically, the QR results suggest that Bitcoin, Litecoin 
and Das do not have hedging characteristics for extreme oil price movements at bear (bull) markets 
across time. However, hedging possibilities are feasible from the medium to long terms for crude oil 
investors using Ethereum, Monero, Ripple and Steller at both bear and bull markets.

The results from QQR show negative associations between the assets at bear market but 
positive relations at bull market, indicating hedging possibilities for the assets in the bear 
market. Thus, economic actors can hedge their downside risk across time using either of the 
assets at bear market. Our finding is consistent with Bernanke et al. (1996), flight to safety 
phenomenon where investors and traders use less risky assets to hedge their positions during 
economic crises.

The empirical literature highlights different dimensions on the effects of cryptocurrencies on 
crude oil returns (Henriques & Sadorsky, 2018; Klein et al., 2018; Kurkaa, 2019; Selmi et al., 2018; 
Shahzada et al., 2019). Our findings go beyond the findings of these studies by demonstrating that 
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the connections between the assets is sensitive to different market conditions in different horizons. 
This study has practical implication for crude oil and cryptocurrency dynamic dependencies for 
hedging in order to reduce downside risk in crude oil market. Although cryptocurrencies exhibit 
excess price volatility, our study shows that it would be very profitable if investors incorporate 
them in a diversified portfolio which is consistent with the findings of Eisl et al. (2015), and Bouri 
et al. (2017c).

This study may help policy makers and investors to understand the microstructure and dynamics 
in the cryptocurrency and crude oil markets across time for regulating the general financial 
system. Knowledge on the interconnectedness between cryptocurrencies and crude oil markets 
across time is critical since shocks to the cryptocurrency market may have rippling effects on the 
crude oil market. This study confirms the heterogeneous market hypothesis by Müller et al. (1993) 
which posit a time-varying connectedness between asset markets. Future studies can explore the 
impact of cryptocurrencies on the broader commodity market controlling for global uncertainties.
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Figure A1. Plot of QR and QQR 
coefficients of crude oil and 
cryptocurrencies. 
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Figure A2. Time series plots of 
crude oil and 
cryptocurrency returns. 
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Figure A2. Continued. 
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