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Abstract 
In this paper, we explore the dynamic relationship between exchange rates, 
natural gas, and crude oil prices using the wavelet vine copula approach. The 
vine copula method offers the advantage of capturing key characteristics of 
changes in petroleum prices. We examine the out-of-sample hedging effective-
ness of two popular vine copula models: canonical (C) and drawable (D) vine 
copulas. Vine copula modeling provides greater flexibility and allows for the 
modeling of complex dependency patterns in high-dimensional distributions. 
Analyzing daily return data for WTI, Brent, natural gas, and the SAR, KWD, 
MXN, and EUR exchange rates, we find evidence of asymmetric links between 
these variables. The empirical results indicate that the C-vine copula model is 
the most effective in detecting the dependence between different variables. 
Overall, our findings suggest that for long-term investors, the relatively strong 
co-movement over the long term reduces diversification benefits between these 
assets. In contrast, for short-term investors, investing in crude oil is a favorable 
option due to its low correlation with stock returns. However, investors should 
be cautious about the increased co-movement during crisis periods, as it indi-
cates a higher risk of contagion. 
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1. Introduction 

Exchange rates have a significant contagious effect on commodities markets. Re-
search by Kumar et al. (2021) shows that exchange rates transmit shocks from one 
commodities market to another, playing a crucial role in transferring the effects 
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of commodity prices to economies. Moreover, fluctuations in exchange rates can 
lead to volatility in commodity prices, especially in globally traded commodities 
like oil, gas, and metals, where prices are often denominated in major currencies 
such as the U.S. dollar. This connection highlights the importance of exchange 
rates as a key driver in the dynamics of energy commodity prices (Lioudis, 2018).  

In the previous several decades, the energy sector (crude oil and natural gas) 
has been subject to various shocks and periods of volatility. As an important re-
source for the global economy, the research is motivated by the impact of these 
shocks on the exchange rate and economics. Due to its leading position among 
energy commodities, crude oil is the most susceptible asset to geopolitical, health, 
and economic developments. For example, the political unrest in the Middle East 
region, the global financial crisis, and most recently, the emergence of COVID-19 
are the primary causes of crude oil price volatility throughout these periods. The 
fall of energy and currency prices precipitated by the most recent health pan-
demic, Covid-19, was the most severe of any previous crises, including the 2008 
global financial crisis. In November 2020, the price of crude oil in this epidemic 
hit its lowest point. Harvey (2020) asserts that the present financial crisis has re-
sulted in “Great Compression”, and Mhalla (2020) demonstrates that it has raised 
market worries and policy uncertainty. 

The cost of manufacturing, interest rates, and inflation are only some of the 
ways that energy price shocks may impact economic growth and exchange rates 
(Mensi et al., 2021b). Due to the increased demand for energy futures as a hedging 
mechanism against the exchange rate, studying the volatility spillovers between 
energy prices and the exchange rate is crucial for the growth of financial markets 
and the management of investment portfolios. Oil-exchange rate relationships 
have been the subject of several empirical investigations (Jain & Biswal, 2016; Ku-
mar et al., 2021). Existing research mainly focuses on oil prices and exchange rates, 
with mixed findings (Xu et al., 2019). For instance, Basher et al. (2012) demon-
strated that a positive oil price shock could decrease the US dollar exchange rate 
of developing countries in the short term, while Yang et al. (2017) showed a neg-
ative correlation between crude oil prices and exchange rates for oil-exporting na-
tions. Albulescu & Ajmi (2021) concluded that there is bidirectional effect be-
tween US exchange rate and oil price especially during the financial crisis 2008-
2009. Additionally, studies by Jiang (2020) and Khraief et al. (2021) highlighted 
the asymmetric effects of crude oil prices on exchange rates.  

The relationship between exchange rates and natural gas markets has received 
less attention compared to crude oil, yet it plays a crucial role in understanding 
global financial dynamics, especially for energy-exporting countries. Exchange 
rates can act as a key transmission mechanism for spillover effects between natural 
gas markets and broader economies, influencing the cost of imports and exports, 
investment decisions, and overall market stability. It is suggested that exchange 
rates can impact natural gas prices by altering the competitiveness of exports, es-
pecially for countries that are major producers or consumers of natural gas. For 
instance, depreciation in the currency of a natural gas-exporting country could 
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make its exports cheaper, potentially increasing demand and influencing global 
natural gas prices. Conversely, for energy-importing countries, fluctuations in ex-
change rates can affect the cost of natural gas imports, thereby impacting inflation 
and economic stability. However, the literature on this subject is limited and on 
specific case of energy importing countries (Kumar et al., 2021; Jalal & Gopinathan, 
2023, He et al., 2019). Research on natural gas spillovers often focuses on its link 
with crude oil, highlighting the interconnectedness of these energy markets (Mensi 
et al., 2021b; Kumar et al., 2019; Li et al., 2019).  

Given the emerging complexities of global energy markets and the increasing 
importance of natural gas as a cleaner alternative to other fossil fuels, there is a 
growing need to explore the dynamic interactions between oil price, natural gas 
prices and exchange rates. Understanding these spillover effects is particularly im-
portant for policymakers and investors who need to manage risks associated with 
currency fluctuations and energy price volatility. Advanced modeling techniques 
that capture the time-varying and nonlinear nature of these relationships, such as 
wavelet-vine copula approaches could provide deeper insights into how exchange 
rate movements impact natural gas markets and vice versa. 

In summary, the spillover between exchange rates and natural gas markets is an 
underexplored area that warrants further investigation. Expanding the research in 
this domain will contribute to a more comprehensive understanding of energy-
financial interdependencies, offering valuable information for risk management, 
strategic planning, and economic policy formulation in a globalized and volatile 
economic landscape. Recent energy and exchange rate volatility, however, has left 
the argument regarding energy-exchange rate spillovers wide open and calls for 
more investigation across various nations. Spillovers are intricately linked to 
hedging strategies and portfolio risk management.  

The primary purpose of this article is to conduct a comprehensive study of the 
interconnectedness and mutual impact of crude oil, natural gas, and currency ex-
change rates. This article also analyzes the hedging and safe-haven effectiveness 
of crude oil, natural gas, and currency exchange rates. 

Our addition to existing research can be understood from several angles. This 
research explores the link between oil prices, natural gas prices, and exchange rates 
in some of the largest oil and gas-producing OPEC and non-OPEC nations to get a 
complete conclusion regarding this relationship. Second, we do not only examine 
the link between oil and exchange rate as previous research, but we also examine the 
multidirectional interaction between natural gas, crude oil, and the exchange rate. 
The considerable transition from crude oil to natural gas as a cleaner source of en-
ergy and a crucial means of reducing CO2 emissions makes the incorporation of 
natural gas as an energy resource crucial. In addition, studying the multidirectional 
relationships between these factors would assist in determining which portfolio 
component would serve as a safe haven. The safe-haven component would sidestep 
the hazards caused by the volatility of other components; hence, the addition of safe-
haven asset prices to a portfolio would reduce investment risk. This research would 
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determine which asset would reduce the risk of portfolios including energy prices 
(crude oil and natural gas) and exchange rate indices, particularly during the present 
volatility of the energy and exchange rate markets. Third, to test the heterogeneous 
market hypothesis that there is a difference between the investment behavior of 
short-term investors (e.g. speculators) and long-term investors (e.g. institutional in-
vestors), we employ the Wavelet-Vine copula approach to examine the energy-stock 
market dependence at different time investment horizons. This approach aids in 
separating the raw series into short-run and long-run components and demon-
strates the reliance between the upper and lower tail distributions by using copulas 
with varying parameters. 

2. Literature Review 

Energy is one of the most financially significant commodities because of its im-
portance to the global economy. Energy’s price, production cost, and interest rate 
effect stock markets. Crude oil and natural gas markets, sensitive to economic and 
geopolitical variables, are volatile and unpredictable. Energy-exporting and en-
ergy-importing nations’ economies and financial markets suffer from energy mar-
ket volatility. Thus, recent literature emphasizes the need of monitoring energy-
financial spillovers amid instability. 

Several study techniques have been devised in order to investigate the spillover 
impact that exists between crude oil, natural gas, and the stock market. On the 
other hand, the literature about the spillover effect that exists between energy and 
exchange rate is still scarce. Bouri et al. (2017) used the cross-correlation function 
in order to evaluate the impact that China’s reform of oil prices in 2013 had on 
the risk dynamic that exists between the Chinese stock market and oil prices. After 
making the necessary adjustments to the pricing of oil on the domestic market, 
the findings demonstrate a reduced degree of causation in the variation between 
the international oil market and the Chinese stock market. Ashfaq et al. (2020) 
use multivariant GARCH techniques to investigate the behavior of the spillover 
between the oil market and the stock market in a number of Asian nations that 
are both oil exporters and oil importers. The findings reveal varying degrees of 
substantial stock-oil shock link among the nations where the effect of the oil shock 
on oil-exporting nations is greatest. Mensi et al. (2021a) use a time-varying asym-
metric model to investigate the asymmetric spillovers that occur between the mar-
kets for gold, crude oil, and 10 different sectors of the Chinese stock market. They 
discovered a large asymmetry as well as time-varying spillovers between the stock 
and commodities markets. The investigation into the management of portfolios 
reveals that including commodities in an equity portfolio lowers the overall degree 
of risk. In the midst of the financial crisis, Belhassine (2020) does an analysis of 
the mean and volatility spillover impact of oil and stock returns across 19 indus-
tries in the Eurozone. The findings, which were obtained using the VAR-BEKK-
GARCH approach, indicate that the mean and volatility of the stock market and 
the oil market are both time-varying and heterogeneous. In addition, the findings 
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strengthen the contagion impact of the global financial crisis, although the spillover 
effect associated with the euro debt crisis remained unchanged. 

Several studies have looked at the ways in which shocks and crises influence the 
link between the energy and financial markets. According to Guo et al. (2021), the 
number of people in the market who are willing to take risks during the pandemic 
is more than the number of people who are unwilling to take risks. As a result, 
negative shocks may readily magnify the existing risk in the market and spread 
themselves quickly from one market to another. Bouri et al. (2016) investigate the 
quantile causation that exists between the price of oil and the returns on the sec-
toral stocks in Jordan both before and after the political crisis. They demonstrate 
that various sectoral stocks react in a variety of ways to the shocks in the price of 
oil and how they are influenced by the political upheaval in 2010. The oil price 
shock that occurred from 2014-2016 had major repercussions on stock markets, 
according to Ashfaq et al. (2019). Li & Wei (2018) investigate the relationship be-
tween the oil and stock markets by using the variational mode decomposition 
(VMD) method and a variety of time-varying copulas to data collected both before 
and after the financial crisis. The findings indicate that the current global financial 
crisis has strengthened the link between the price of crude oil and the performance 
of the stock market in China. Furthermore, the results demonstrate the existence 
of asymmetric risk spillovers between the two markets throughout each sub-
period. Okorie & Lin (2022) establish that there is bidirectional spillover between 
the oil market and the Nigerian stock market by using an asymmetric VAR model. 
They also demonstrate that the anticipated loss of portfolios is much greater after 
the crisis and over the course of the long term. According to Ji et al. (2020), the 
different sorts of shocks that occur in the oil market are responsible for the vari-
ances in the stock returns of the BRIC countries related to oil. Wen et al. (2018) 
show that changes to the way oil prices are set have unique impact on the amount 
of uncertainty in the Chinese sectoral stock market. 

Mensi et al. (2021b) and Kumar et al. (2019) have examined the spillover and 
interdependence between natural gas and stock markets. Mensi et al. (2021b) inves-
tigate the systemic risk between crude oil, natural gas, gasoline, and stock markets 
in the MENA area using copula functions, the Variational Mode Decomposition 
(VMD) approach, and the Conditional Value at Risk (CoVaR) metric. The results 
demonstrate the interdependence structure and systemic risk between MENA stock 
markets and energy crude oil, natural gas, and gasoline. Kumar et al. (2019) discover 
an asymmetric time-varying link between oil, natural gas, and the Indian stock mar-
ket. However, there is no long-term correlation between natural gas or oil prices and 
stock prices. Li et al. (2019) and Lovcha & Perez-Laborde (2020) analyze the crude 
oil-natural gas link, respectively. Li et al. (2019) document considerable risk spillo-
vers between crude oil and natural gas at several time scales, while Lovcha & Perez-
Laborde (2020) demonstrate the growing frequency of risk spillovers and the inter-
connectedness of crude oil and natural gas markets. Even after the shale gas revolu-
tion, they see a substantial low-frequency connection between both markets. 
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Global economy and financial markets have been influenced by the latest epi-
demic. During this new pandemic, a number of research indicate that market dy-
namics display significant shifts in terms of spillover effects between energy and 
stock returns. According to Mensi et al. (2021a), the infectious impact of corona-
virus is devastating and even has a domino effect. The research by Jebabli et al. 
(2022) demonstrates that during the current health epidemic, there were more 
transmissions of volatility between the energy and stock markets than during the 
2008 global financial crisis. Using time-varying spillover analysis, Corbet et al. 
(2020) discovered different fluctuations in the China stock markets and crude oil 
prices in conjunction with the spread of the Covid-19 virus. Mensi et al. (2021a) 
demonstrate that asymmetric spillover is more apparent during the health crisis 
era, showing that negative return stock-commodity spillover is greater than spill-
over associated with good returns. Mensi et al. (2021a) demonstrate that the 
COVID-19 crisis has the greatest impact on asymmetric spillovers between the oil 
price, gold price, and Chinese stock market, followed by the global financial crisis 
(GFC) and the latest oil price shock. 

Extensive research has been conducted on the relationship between oil and the 
stock market. Little consideration has been given to the interactions between energy 
and exchange rate. The exchange rate is suggested as a transmission mechanism that 
transmits shock from one commodities market to another (Kumar et al, 2021). The 
exchange rate also plays a role in transferring the effect of commodities prices to 
economies. In addition, the exchange rate is a significant factor in the price changes 
of energy commodities (Lioudis, 2018). In contrast, the research on this topic fo-
cuses mostly on the relationship between oil price and exchange rate, and the find-
ings are equivocal (Xu et al., 2019). Using structural VAR, Basher et al. (2012) 
demonstrate that a positive oil price shock would reduce the US dollar exchange rate 
of developing countries in the near term. Using wavelet coherence analysis, Yang et 
al. (2017) demonstrate a negative link between crude oil price and exchange rate for 
oil-exporting nations. According to this analysis, however, the relationship between 
oil and currency rate remains questionable for oil-importing nations. Jiang (2020) 
and Khraief et al. (2021) document the asymmetric effect of crude oil prices on the 
currency rate. This demonstrates the significance of analyzing the interaction be-
tween variables within a nonlinear framework. 

Research methods used to examine the connectedness between markets have var-
ied, including Wavelet analysis (Yang et al., 2017), time-varying approaches (Corbet 
et al., 2020), VAR-based models (Basher et al., 2012; Okorie & Lin, 2020), Copula 
function (Mensi et al., 2021b), and GARCH family models (Belhassine, 2020; Ash-
faq et al., 2020). While these models are useful, they often fall short in capturing the 
dynamic and periodic characteristics of spillover effects across different time and fre-
quency domains. Recognizing this limitation, Ji et al. (2020) introduced an innova-
tive approach that combines wavelet and vine copula techniques. This method allows 
for a more nuanced analysis of market dependencies by capturing connections at 
different time horizons, thus offering a more comprehensive understanding of 
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spillover effects in both time and frequency domains.  
In sum, extensive research has examined the interconnectedness and spillover 

effects between energy markets and financial markets, primarily focusing on 
crude oil, natural gas, and stocks. Various methodologies, have been employed 
to capture the complex and evolving nature of these relationships. The findings 
consistently demonstrate that energy market volatility can have profound effects 
on stock markets, with the degree of impact varying across different sectors and 
countries. This is particularly evident during periods of economic instability, 
such as financial crises or pandemics, where spillover effects become more pro-
nounced and asymmetric, reflecting heightened risk transmission across mar-
kets. 

While significant strides have been made in understanding the spillover effects 
between energy and stock markets, there is a notable gap in the literature regard-
ing the interactions between energy markets and exchange rates. Although some 
studies suggest that exchange rates act as a transmission mechanism for shocks 
between commodity markets and broader economies, the relationship between 
energy prices and exchange rates, especially for oil-importing versus oil-export-
ing nations, remains unclear and warrants further investigation. Moreover, ex-
isting studies have predominantly employed traditional models, which may not 
fully capture the dynamic and periodic characteristics of spillover effects across 
different time and frequency domains. Innovative approaches, such as the com-
bination of Wavelet and Vine Copula techniques, offer more nuanced insights 
into market dependencies by accommodating complex structures and nonlinear 
relationships that traditional models may overlook.  

The last decade has been marked by several shocks and economic crises. Con-
sequently, it is crucial for portfolio managers to comprehend how energy price 
volatility affects the currency rate in oil-exporting nations. This research would 
analyze the link between oil price, natural gas price, and exchange rate in OPEC 
and non-OPEC nations over the time. In contrast to research that analyze the 
bidirectional link between crude oil and exchange rate, this study examines the 
multidirectional interaction between natural gas, crude oil, and exchange rate. 
Examining the multidirectional relationships between these factors would assist 
determine which portfolio component would serve as a safe haven. The safe-haven 
component would sidestep the hazards caused by the volatility of other compo-
nents; hence, the addition of safe-haven asset prices to a portfolio would reduce 
investment risk. This research would determine which asset would reduce the risk 
of portfolios including energy prices (crude oil and natural gas) and exchange rate 
indices, particularly during the present volatility of the energy and exchange rate 
markets. To test the heterogeneous market hypothesis that there is a difference in 
the investment behavior of short-term investors (e.g. speculators) and long-term 
investors (e.g. institutional investors), we employ the Wavelet-Vine copula ap-
proach to examine the energy-stock market dependence at different time invest-
ment horizons. This approach aids in separating the raw series into short-run and 
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long-run components and demonstrates the reliance between the upper and lower 
tail distributions by using copulas with varying parameters (Ji et al., 2020).  

3. Methodology 

We analyze the relationship between oil prices, natural gas, and exchange rates for 
both OPEC and Non-OPEC countries. Copula models are used to capture the de-
pendency structure among financial assets, largely due to the insights provided by 
Sklar’s theorem (Sklar, 1959). Copulas are particularly useful for measuring the 
extreme dependence between two random variables. However, a key challenge is 
selecting the appropriate copula families for higher-dimensional scenarios. Re-
search, such as that by Brechmann & Schepsmeier (2012), has shown that stand-
ard multivariate copulas like the multivariate Gaussian or Student-t, as well as 
Archimedean copulas, lack the flexibility needed to model dependence among a 
larger number of variables accurately. While some generalizations offer improve-
ments, they often become complex and come with limitations like parameter re-
strictions. 

To address these issues, vine copulas have been developed as a practical solu-
tion. They enhance the copula method by accommodating a wide range of de-
pendencies, offering greater flexibility in both lower and upper tail dependence, 
handling larger dimensions, and providing computationally feasible density esti-
mations. 

3.1. Data 

The data consists of crude oil prices and nominal exchange rates in US dollars 
(USD) for the period from April 23, 2012, to January 28, 2022. The exchange rates 
represent the amount of USD per unit of currency for OPEC and non-OPEC 
countries involved in international trade, including the Euro (EUR), Mexican 
Peso (MXN), Saudi Arabian Riyal (SAR), and Kuwaiti Dinar (KWD). An increase 
in these nominal exchange rates indicates a depreciation of the US dollar relative 
to foreign currencies. The data is collected on a daily basis. For oil prices, the study 
uses two key benchmarks: West Texas Intermediate (WTI) from Cushing, the 
Brent crude from the North Sea and the natural gas (GAS). All data were collected 
from Datastream. In this study, prices are expressed in logarithmic form, with the 
first difference (innovation) of prices representing the return on assets. 

.
,

, 1

100 log , 1,2,i t
i t

i t

PR i
P −

 
= ∗ =  

 
              (1) 

where ,i tR  = daily return on asset; ,i tP  = price of asset at t. 

3.2. Models 
3.2.1 Model for Marginal Distribution 

GJR-GARCH model 
The marginal distribution for EUR, MXN, KWD, SAR, Natural gas, Brent and 

WTI are specified as AR(1)-GJR(1,1)-skewed-t model.  
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, , ,i t i i i t i tR Rµ ϕ ε= + +                        (2) 

, , ,i t i t i tzε σ=                           (3) 

2 2 2 2
, ,1 , 1 , 1 ,2 , 1 , 1i t i i i t i i t i i t i tIσ ω α ε β σ α ε− − − −= + + +               (4) 

( ), ,~ skewed-t | ,i t i t i iz z η ϕ                      (5) 

with i = EUR, MXN, KWD, SAR, Brent, Natural gas and WTI.  
First equation: we found ,i tε  the innovation parameter and iµ  is a constant, 

one lag of ,i tR  to check assets returns’ serial correlations. 
Second equation: we showed the residual, which is the product of innovation 

and conditional volatility.  
Thirst equation: we showed that when , 1i tε −  is negative, the leverage term is in 

charge for catch the leverage effect with , 1 1i tI − = ; else , 1 0i tI − = .  
Fourth equation: supposes standardized residuals to pursue the skewed-t distri-

bution of Hansen (1994). 
According to Bastianin (2009), fat tails and asymmetry are significant deviations 

from normality. The preferred extension of both normal and Student-t distribu-
tions is the skewed-t density. While the Student-t density can address excess kur-
tosis, the skewed-t density is capable of capturing both skewness and kurtosis. 

EGARCH model 
Nelson (1991); Nelson & Cao (1992) proposed the EGARCH model. They found 

that there are many advantages of EGARCH model such as: 
On the contrary to the GARCH, the EGARCH does not impose any constrains 

on the parameters, and. 
The EGARCH models specified above allow for oscillatory behavior in the con-

ditional variance since the β coefficient can be either negative or positive. |β| < 1 
ensures stationarity and ergodicity for the EGARCH(p,q) (Nelson, 1991).  

Using EGARCH model we can show if shocks have symmetric or asymmetric 
effects on volatility. This effect is captured by γ: γ > 0, so positive shocks provide 
rise to higher volatility than negative shocks, and vice versa. 

The variance equation for the EGARCH model has the form: 

( ) ( )2 2log logt p t p t p
t t q

t q t q t q

E
ε ε ε

σ ω α γ β σ
σ σ σ

− − −
−

− − −

 
 = + − + +
 
 

      (6) 

APARCH model 
Ding et al. (1993) present Asymmetric Power ARCH model (APARCH). The 

specification of this model is can well express the leverage effects, fat tails and ex-
cess kurtosis.  

( ) ( )2
1 1t j t j j t j i t

q
ij i

pδ δσ ω α ε γ ε β σ− − −= =
= + − +∑ ∑          (7) 

( ), ~ 0,1t t t tz z Nε σ=                       (8) 

( )t j t j j t jk ε ε γ ε− − −= −                      (9) 

jγ , reflects the leverage effect. 0jγ >  indicates negative information has 
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stronger impact on the positive information on the price volatility.  
The APARCH equation is assumed to satisfy the following conditions. 
1) 0ω > , 0jα ≥ , 1,2, ,j q=  , 0iβ ≥ , 1,2, ,i p=  , when 0jα = , 

1,2, ,j q=  , 0iβ = , 1,2, ,i p=   then 2
tσ ω= . Due to the variance is posi-

tive, so 0ω > . 
2) 1 10 1q

ij
p

j iα β
= =

≤ + ≤∑ ∑ .  

3.2.2. Wavelet 
The main goal of examining the correlation between oil prices and exchange rates, 
as well as oil prices and stock markets, is to determine whether oil prices lead to 
changes in exchange rates or stock markets, or vice versa. We employed wavelet 
correlation to explore this relationship. The wavelet method assesses how closely 
two series move together and captures both time-varying and frequency-varying 
characteristics. A coherence value close to one indicates a strong common behav-
ior between the time series, while a value near zero suggests a lack of coherence. 
We use wavelet phase differences to differentiate between negative and positive 
correlations. 

The key advantage of the wavelet approach is its ability to perform localized 
analysis of time series, allowing for examination of index returns and oil prices 
across different frequency bands. Additionally, the wavelet method is particularly 
effective for analyzing non-stationary variables. It provides insights into spillover 
effects across international stock and commodity markets, revealing potential spill-
overs and contagion. In other words, the wavelet approach is valuable for portfolio 
diversification and risk management. 

Wavelet functions are composed of scale parameters, location, and a mother 
wavelet function ( ( )2Lψ ∈  ) defined as  

( ),
1 , , , 0s

tt s s
ss

τ
τψ ψ τ− = ∈ ≠ 

 
             (10) 

where: 

• 1
s

 represent a normalization factor guaranteeing unit variance of the wave-

let and 
2

, 1sτψ =  

• Ѕ is a scaling factor that controls the width of the wavelet, scale has an inverse 
relation to frequency. A higher scale indicates a stretched wavelet that is suitable 
for detection of a lower frequency.  

• τ  is a conversion parameter that controls the location of the wavelet. 
There are various types of wavelets, but this study focuses on wavelet coherence 
(WTC), as defined by Torrence & Compo (1998) and Aguiar-Conraria et al. 
(2008). WTC is expressed as the ratio of the cross-spectrum to the product of the 
individual spectra of each time series. It can be considered a measure of the local 
correlation between two time series in the time-frequency domain. 
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According to (Torrence & Compo, 1998), WTC can be defined by  

( ) ( )
2

2
22

xy
xy

x y

SW
R

S W S W
=                    (11) 

where S is a sleeking operator in both scale and time. Noticeably, 2
xyR  close to one 

indicates evidence of strong correlation whereas 2
xyR  close to zero provides a weak 

correlation. 
We assess the statistical significance of the wavelet coherence (WTC) level using 

Monte Carlo methods, as the theoretical distribution for WTC is not established 
(Grinsted et al., 2004). The squared WTC alone cannot distinguish between nega-
tive and positive correlations. To identify these correlations and the lag-lead rela-
tionship between two time series as a function of frequency, we use the phase dif-
ference tool. 

In our study, we interpret phase differences based on the direction of arrows in 
the WTC plots. Arrows pointing left or right indicate that the two time series are 
out of phase or in phase, respectively. Arrows pointing up or down signify causality 
between the variables, with arrows pointing directly down (or up) showing that the 
first variable\(y(t)\) is lagging (or leading) the second variable.  

3.2.3. Vine Copula 
Vine copulas were first introduced by Joe (1996) and later expanded by Bedford & 
Cooke (2001, 2002) and Kurowicka & Cooke (2006). They offer a flexible approach 
to modeling multivariate dependence (Nikoloulopoulos et al., 2012). As noted by 
Czado et al. (2013), vine copulas come in various specifications that allow for mod-
eling bivariate dependence at different levels. These copulas can be illustrated 
through a hierarchical structure: at the first tree level, four nodes connected by 
edges represent the dependence between two variables, and at subsequent tree lev-
els, new nodes are derived from the edges of the previous level. In our study, we 
employed C- and D-vine copulas, each with different hierarchical tree structures. 

The three-dimensional density function of the C-vine model is given by: 

( ) ( ) ( ) ( )( )
( ) ( )( )

3 3
1 2 3 1, 1 11 2

3 1 3
, 1|1, , 1 1 1 1 1 12 1

, , ,

  | , , , | , ,

k k h h hk h

j
j j j j j j jj i

f x x x f x c F x F x

c F x x x F x x x
= =

− −
+ − − + −= =

=

×

∏ ∏
∏ ∏



 

  (12) 

where, , 1|1, , 1j j jc + −

  is the conditional copula and where the conditional distribu-
tion function of the jx  variable, given the variable jx , is given by Joe (1997);  

( )
( ) ( )( )
( )|

,
|

ij i i j j
i j i j

j j

C F x F x
F x x

F x

∂
=

∂
 

“Figure 1 illustrates the C-vine dependence decomposition organized in a hier-
archical tree structure, where each tree (T) follows a star pattern. In this configu-
ration, one variable acts as the central or pivotal element, with the dependence of 
the other variables measured relative to this key variable, using bivariate copulas as 
indicated by the second term in Equation (1). 
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Figure 1. Hierarchical tree structure for the C-vine copula with three variables. 

 
The three-dimensional density function of D-vine model is given by: 
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 (13) 

 
Figure 2 depicts the hierarchical dependence structure of the D-vine copula, 

where all variables are treated equally. The order of the variables in the first tree 
determines the bivariate dependencies in the subsequent trees. The order in the 
first tree is chosen to capture the maximum possible dependence.” 
 

 
Figure 2. Hierarchical tree structure for the D-vine copula with three variables. 

4. Empirical Results 

This paper examines the relationship between oil prices, natural gas, and exchange 
rates from April 23, 2012, to January 28, 2022. We use daily prices for WTI, Brent, 
and natural gas to represent the energy market, and track exchange rates for MXN, 
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EURO, SAR, and KWD. An increase in these nominal exchange rates indicates a 
strengthening of the USD relative to other currencies. 

Among the variables, WTI exhibits the highest variability compared to Brent, 
natural gas, and the exchange rates (see Table 1). Mean returns are generally close 
to zero, with excess kurtosis and negative skewness observed, except for natural 
gas, MXN, EUR, and SAR exchange rates. The series display fat tails, and the 
Jarque-Bera test rejects the normality hypothesis. Additionally, the Ljung-Box sta-
tistic reveals serial correlation in all series except Brent, WTI, EUR, and MXN. The 
Lagrange multiplier test for conditional heteroscedasticity indicates ARCH effects 
in all return series except WTI, supporting our choice to use a GARCH model for 
filtering the daily returns. 
 

Table 1. Descriptive statistics. 

Varia-
ble 

Statistic characteristics 

Mean Median Std. Dev. Skewness Kurtosis Jarque-Bera Autocorrelation ARCH-LM 

BRENT −0.000103 0.000000 0.023437 −0.986757 24.488 49473.07*** 2.0471 261.46*** 

WTI −0.000689 0.000106 0.049986 −27.31610 1134.693 1.36E+08*** 16.623*** 6.4135 

GAS 0.000348 0.000000 0.033251 0.380252 21.41965 36110.31*** 29.058*** 528.21*** 

SAR −1.72E−07 0.000000 0.003940 0.007864 846.2004 75542363*** 652.04*** 1150.7*** 

KWD 3.38E−05 0.000000 0.001554 −0.238716 49.27266 227522.3*** 365.77*** 1421.4*** 

EUR −6.62E−05 −1.08E−05 0.004906 0.047136 6.290092 1151.069*** 5.4758* 104.6*** 

MXN 0.000180 −1.54E−05 0.007763 0.889634 11.12912 7357.649*** 0.1585 188.73*** 

4.1. Wavelet Approach 

The wavelet findings as shown in Figure 3 illustrate the wavelet coherence be-
tween WTI and the return markets of OPEC and Non-OPEC countries. The 95% 
confidence intervals are shown by black contour lines, with the horizontal axis 
representing the study period in days and the vertical axis representing frequency. 
The color gradient ranges from blue, indicating low coherence, to yellow, indicat-
ing high coherence. The lighter black line demarcates the high-power state and 
the “cone of influence”, where edge effects become significant. The direction of 
the arrows reveals the phase relationships and lead-lag connections between oil 
prices or gas and exchange rates. 

Arrows pointing to the right indicate that the variables are in phase, while arrows 
pointing to the left indicate they are out of phase. Arrows pointing left-up or right-
down suggest that crude oil, gas, or Brent leads the exchange rates, whereas left-
down or right-up arrows indicate that these commodities lag behind the exchange 
rates. In-phase areas suggest a cyclical interaction, while anti-phase areas indicate 
an anti-cyclical effect. Regions with stronger interdependence imply that crude oil 
(WTI, Brent) or gas has less potential as a safe haven or hedge for exchange rates, 
reducing the benefits of including crude oil in exchange rate portfolios. 
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Figure 3. Wavelet OPEC and NON-OPEC countries. 
 

For OPEC countries, the figure shows a high level of out-of-phase co-move-
ment in the long-term frequency band (256 - 512 days). The yellow regions at the 
bottom indicate strong co-movement between WTI-KWD, Brent-SAR, and 
Brent-KWD at high frequencies. Arrows oriented left for Brent-KWD and WTI-
KWD suggest that oil prices and exchange rates are out of phase, except for SAR. 
This indicates a negative relationship where increases in oil prices are associated 
with decreases in the exchange rate relative to the US dollar. The currencies of 
Kuwait, in particular, show a stronger connection to changes in crude oil prices. 
At shorter periods (0 to 32 days), the co-movement between crude oil and ex-
change rates is generally low. In the medium term (32 to 128 days), high co-move-
ment is observed during economic crises such as Brazil’s in 2014, Argentina’s in 
2018, the COVID-19 crisis in 2020, and the global energy crisis in 2021. Brent 
leads SAR and gas also leads SAR, while WTI lags KWD and Brent, with gas lead-
ing KWD. 

For Non-OPEC countries, the figure shows that interdependence is higher in 
the long-term compared to the short-term scales during 2019-2021. During this 
period, arrows pointing left and down indicate that WTI-MXN and Brent-MXN 
have a lagging relationship with exchange rates, while arrows pointing right and 
down show that gas leads the MXN exchange rate. For EUR, the interdependence 
between Brent-EUR, WTI-EUR, and GAS-EUR is weak in the short term but 
stronger in the medium and long term. Arrows pointing left and up for WTI-EUR 
indicate that WTI leads EUR, with similar results for GAS-EUR and Brent-EUR. 

The differing interdependence between OPEC and Non-OPEC countries high-
lights that variations in oil and gas prices significantly influence exchange rates in 
both regions. Overall, the results suggest a strong but uneven relationship across 
countries during the COVID-19 and energy crises. 

4.2. Wavelet Vine Copula 

First, we filter the series using the GJR-GARCH, EGARCH, TGARCH, and 
APARCH models, which offer advantages over the standard GARCH model. Ac-
cording to the minimum BIC and AIC criteria, the C-vine copula model provides 
a better fit for both OPEC and Non-OPEC countries with oil prices across all peri-
ods. The Vuong test, which assesses whether the C-vine and D-vine copula models 
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are statistically equivalent, did not differentiate between the two models. Therefore, 
both vine copula specifications are deemed suitable for capturing the multivariate 
dependence between returns. Data (https://docs.google.com/spreadsheets/d/1FaK-
fsVagZb7ExBhhrfPS3j2dyQ_YBxp/edit?usp=drive_link&ouid=1113563156699392
92266&rtpof=true&sd=true) present the estimated parameters for the D-vine and 
C-vine copulas, respectively. The optimal C-vine copulas are SBB8 and Tawn90, 
while the optimal D-vine copulas are Tawn90 and T. 

In the short- and mid-term frequencies, and before the crisis, for OPEC coun-
tries, conditioning on the KWD exchange rate results in a decrease in both lower 
and upper tail dependence between SAR-WTI and SAR-Brent. Similarly, condi-
tioning on the SAR exchange rate causes a decrease in tail dependence between 
GAS and KWD. For WTI, Kendall’s tau for C(SAR, WTI) and C(SAR, WTI/Brent) are 0.19 and 
0.17, with lower and upper tail dependencies of 0.23 and 0, and 0.20 and 0, respec-
tively. For Brent, Kendall’s tau for C(SAR, Brent) and C(SAR, Brent/KWD) are 0.08 and −0.17, 
with lower and upper tail dependencies of 0.17 and 0, and 0 and 0, respectively. For 
GAS, Kendall’s tau for C(GAS, KWD) and C(KWD, GAS/SAR) are −0.04 and −0.04, indicating 
no tail dependence, meaning that negative and positive shocks do not simultane-
ously affect these variables. The KWD has a notable effect on the tail dependence 
of WTI and Brent with exchange rates, leading to minimal tail dependence when 
KWD is the conditioning variable. 

For Non-OPEC countries, results differ: for WTI, Kendall’s tau for C(EUR, WTI) and 
C(EUR, WTI/MXN) are 0.14 and 0.01, with lower and upper tail dependencies of 0 and 
0.01, and 0.28 and 0, respectively. During the Covid crisis, conditioning on the SAR 
exchange rate causes a decrease in tail dependence between WTI-KWD and Brent-
KWD, while conditioning on GAS results in decreased tail dependence between 
KWD-SAR. 

In the mid- and long-term frequencies, and before the crisis, for OPEC coun-
tries, conditioning on the KWD exchange rate leads to a reduction in lower and 
upper tail dependence between SAR-WTI and SAR-Brent. Similarly, conditioning 
on the SAR exchange rate results in decreased tail dependence between Brent and 
KWD, and GAS and KWD. For SAR-WTI and SAR-WTI/KWD, no tail depend-
ence is observed, indicating that shocks do not simultaneously affect these varia-
bles. Non-OPEC countries also show a significant effect on tail dependence be-
tween WTI and exchange rates, and Brent and exchange rates. When conditioning 
on KWD, tail dependences between oil prices and exchange rates diminish. How-
ever, for Non-OPEC countries, results vary: Kendall’s tau for WTI’s relationship 
with EUR and MXN show minimal dependence. During the Covid crisis, condi-
tioning on SAR reduces tail dependence between WTI-KWD and Brent-KWD, 
while conditioning on GAS decreases tail dependence between KWD-SAR. 

5. Conclusion 

This paper explores the role of safe haven assets in financial markets, providing 
evidence that such assets can offer significant benefits to investors. The study spe-
cifically examines whether oil or natural gas can serve as a safe haven asset. It 
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distinguishes a safe haven asset from hedge and diversifier assets, which may offer 
average diversification benefits but do not necessarily provide protection during 
periods of market distress. 

The study models the dependence between oil prices and exchange rates, as well 
as between natural gas and exchange rates, using wavelet vine copulas. Initially, the 
return series were filtered using an asymmetric GARCH model with a skewed-t 
distribution. The analysis, based on daily observations from April 23, 2012, to Jan-
uary 28, 2022, revealed skewness, excess kurtosis, and non-normal distribution 
across all variables. Hence, the copula model was deemed appropriate for capturing 
the relationships between the variables, as it does not assume linear correlation. 

The C-vine copula model was found to provide a better fit for the data, as deter-
mined by the minimum BIC and AIC criteria. After identifying structural changes 
in exchange rates, both D- and C-vine copulas were estimated for each sub-period 
to assess the impact of these changes on variable dependence. The results indicate 
that both C- and D-vine copulas are well-suited for modeling the multivariate de-
pendence between return series over the entire sample period. 

Empirically, the study finds that oil functions as a safe haven for exchange rates, 
while natural gas does not serve as a safe haven for bonds in any market. Over the 
long term, oil remains a safe haven; investors who hold oil for more than 128 trad-
ing days after an extreme negative shock generally experience losses. This suggests 
that investors should consider buying oil during extreme negative returns and sell-
ing it once market confidence and volatility stabilize. The results also highlight a 
significant difference in outcomes based on whether investors consistently hold oil 
or only purchase it following an extreme negative shock, with the latter strategy 
diminishing portfolio value. 

Conflicts of Interest 

The authors declare no conflicts of interest regarding the publication of this paper. 

References 
Aguiar-Conraria, L., Azevedo, N., & Soares, M. J. (2008). Using Wavelets to Decompose 

the Time-Frequency Effects of Monetary Policy. Physica A: Statistical Mechanics and Its 
Applications, 387, 2863-2878. https://doi.org/10.1016/j.physa.2008.01.063  

Albulescu, C. T., & Ajmi, A. N. (2021). Oil Price and US Dollar Exchange Rate: Change 
Detection of Bi-Directional Causal Impact. Energy Economics, 100, Article 105385.  
https://doi.org/10.1016/j.eneco.2021.105385  

Ashfaq, S., Tang, Y., & Maqbool, R. (2019). Volatility Spillover Impact of World Oil Prices 
on Leading Asian Energy Exporting and Importing Economies’ Stock Returns. Energy, 
188, Article 116002. https://doi.org/10.1016/j.energy.2019.116002  

Ashfaq, S., Tang, Y., & Maqbool, R. (2020). Dynamics of Spillover Network among Oil and 
Leading Asian Oil Trading Countries’ Stock Markets. Energy, 207, Article 118077.  
https://doi.org/10.1016/j.energy.2020.118077  

Basher, S. A., Haug, A. A., & Sadorsky, P. (2012). Oil Prices, Exchange Rates and Emerging 
Stock Markets. Energy Economics, 34, 227-240.  
https://doi.org/10.1016/j.eneco.2011.10.005  

https://doi.org/10.4236/tel.2024.145094
https://doi.org/10.1016/j.physa.2008.01.063
https://doi.org/10.1016/j.eneco.2021.105385
https://doi.org/10.1016/j.energy.2019.116002
https://doi.org/10.1016/j.energy.2020.118077
https://doi.org/10.1016/j.eneco.2011.10.005


A. B. Brayek, F. Al-Harbi 
 

 

DOI: 10.4236/tel.2024.145094 1880 Theoretical Economics Letters 
 

Bastianin, A. (2009). Modelling Asymmetric Dependence Using Copula Functions: An Ap-
plication to Value-at-Risk in the Energy Sector. SSRN Electronic Journal. 

Bedford, T., & Cooke, R. M. (2001). Probability Density Decomposition for Conditionally 
Dependent Random Variables Modeled by Vines. Annals of Mathematics and Artificial 
Intelligence, 32, 245-268. https://doi.org/10.1023/a:1016725902970  

Bedford, T., & Cooke, R. M. (2002). Vines—A New Graphical Model for Dependent Ran-
dom Variables. The Annals of Statistics, 30, 1031-1068.  
https://doi.org/10.1214/aos/1031689016  

Belhassine, O. (2020). Volatility Spillovers and Hedging Effectiveness between the Oil Mar-
ket and Eurozone Sectors: A Tale of Two Crises. Research in International Business and 
Finance, 53, Article 101195. https://doi.org/10.1016/j.ribaf.2020.101195  

Bouri, E., Awartani, B., & Maghyereh, A. (2016). Crude Oil Prices and Sectoral Stock Re-
turns in Jordan around the Arab Uprisings of 2010. Energy Economics, 56, 205-214. 

Bouri, E., Chen, Q., Lien, D., & Lv, X. (2017). Causality between Oil Prices and the Stock 
Market in China: The Relevance of the Reformed Oil Product Pricing Mechanism. In-
ternational Review of Economics & Finance, 48, 34-48.  
https://doi.org/10.1016/j.iref.2016.11.004  

Brechmann, E. C., & Schepsmeier, U. (2012). Modeling Dependence with C- and D-Vine 
Copulas: The R Package CDVine. Journal of Statistical Software, 52, 1-27.  
https://doi.org/10.18637/jss.v052.i03  

Corbet, S., Hou, Y., Hu, Y., & Oxley, L. (2020). The Influence of the COVID-19 Pandemic 
on Asset-Price Discovery: Testing the Case of Chinese Informational Asymmetry. Inter-
national Review of Financial Analysis, 72, Article 101560.  
https://doi.org/10.1016/j.irfa.2020.101560  

Czado, C., Brechmann, E. C., & Gruber, L. (2013). Selection of Vine Copulas. In P. Jawor-
ski, F. Durante, & W. K. Härdle (Eds.), Copulae in Mathematical and Quantitative Fi-
nance (pp. 17-37). Springer. https://doi.org/10.1007/978-3-642-35407-6_2  

Ding, Z., Granger, C. W. J., & Engle, R. F. (1993). A Long Memory Property of Stock Mar-
ket Returns and a New Model. Journal of Empirical Finance, 1, 83-106.  
https://doi.org/10.1016/0927-5398(93)90006-d  

Grinsted, A., Moore, J. C., & Jevrejeva, S. (2004). Application of the Cross Wavelet Trans-
form and Wavelet Coherence to Geophysical Time Series. Nonlinear Processes in Geo-
physics, 11, 561-566. https://doi.org/10.5194/npg-11-561-2004  

Guo, Y., Li, P., & Li, A. (2021). Tail Risk Contagion between International Financial Mar-
kets during COVID-19 Pandemic. International Review of Financial Analysis, 73, Article 
101649. https://doi.org/10.1016/j.irfa.2020.101649  

Hansen, B. E. (1994). Autoregressive Conditional Density Estimation. International Eco-
nomic Review, 35, 705-730. https://doi.org/10.2307/2527081  

Harvey, C. R. (2020). The Economic and Financial Implications of the COVID-19 Pan- 
demic. Duke University.  

He, Y., Nakajima, T., & Hamori, S. (2019). Connectedness between Natural Gas Price and 
BRICS Exchange Rates: Evidence from Time and Frequency Domains. Energies, 12, 
3970. https://doi.org/10.3390/en12203970 

Jain, A., & Biswal, P. C. (2016). Dynamic Linkages among Oil Price, Gold Price, Exchange 
Rate, and Stock Market in India. Resources Policy, 49, 179-185.  
https://doi.org/10.1016/j.resourpol.2016.06.001  

Jalal, R., & Gopinathan, R. (2023). Time-frequency Relationship between Energy Imports, 

https://doi.org/10.4236/tel.2024.145094
https://doi.org/10.1023/a:1016725902970
https://doi.org/10.1214/aos/1031689016
https://doi.org/10.1016/j.ribaf.2020.101195
https://doi.org/10.1016/j.iref.2016.11.004
https://doi.org/10.18637/jss.v052.i03
https://doi.org/10.1016/j.irfa.2020.101560
https://doi.org/10.1007/978-3-642-35407-6_2
https://doi.org/10.1016/0927-5398(93)90006-d
https://doi.org/10.5194/npg-11-561-2004
https://doi.org/10.1016/j.irfa.2020.101649
https://doi.org/10.2307/2527081
https://doi.org/10.3390/en12203970
https://doi.org/10.1016/j.resourpol.2016.06.001


A. B. Brayek, F. Al-Harbi 
 

 

DOI: 10.4236/tel.2024.145094 1881 Theoretical Economics Letters 
 

Energy Prices, Exchange Rate, and Policy Uncertainties in India: Evidence from Wavelet 
Quantile Correlation Approach. Finance Research Letters, 55, 103980.  
https://doi.org/10.1016/j.frl.2023.103980 

Jebabli, I., Kouaissah, N., & Arouri, M. (2022). Volatility Spillovers between Stock and En-
ergy Markets during Crises: A Comparative Assessment between the 2008 Global Finan-
cial Crisis and the Covid-19 Pandemic Crisis. Finance Research Letters, 46, Article 
102363. https://doi.org/10.1016/j.frl.2021.102363  

Ji, H., Wang, H., Zhong, R., & Li, M. (2020). China’s Liberalizing Stock Market, Crude Oil, 
and Safe-Haven Assets: A Linkage Study Based on a Novel Multivariate Wavelet-Vine 
Copula Approach. Economic Modelling, 93, 187-204.  
https://doi.org/10.1016/j.econmod.2020.07.022  

Jiang, Y., Feng, Q., Mo, B., & Nie, H. (2020). Visiting the Effects of Oil Price Shocks on 
Exchange Rates: Quantile-on-Quantile and Causality-in-Quantiles Approaches. The 
North American Journal of Economics and Finance, 52, Article 101161.  
https://doi.org/10.1016/j.najef.2020.101161  

Joe, H. (1996). Families of m-Variate Distributions with Given Margins and m(m−1)/2 Bi-
variate Dependence Parameters. In J. Rojo (Ed.), Institute of Mathematical Statistics Lec-
ture Notes—Monograph Series (pp. 120-141). Institute of Mathematical Statistics.  
https://doi.org/10.1214/lnms/1215452614  

Joe, H. (1997). Multivariate Models and Multivariate Dependence Concepts (1st ed.). 
Chapman and Hall/CRC. https://doi.org/10.1201/9780367803896  

Khraief, N., Shahbaz, M., Mahalik, M. K., & Bhattacharya, M. (2021). Movements of Oil 
Prices and Exchange Rates in China and India: New Evidence from Wavelet-Based, Non-
Linear, Autoregressive Distributed Lag Estimations. Physica A: Statistical Mechanics and 
its Applications, 563, Article 125423. https://doi.org/10.1016/j.physa.2020.125423  

Kumar, S., Choudhary, S., Singh, G., & Singhal, S. (2021). Crude Oil, Gold, Natural Gas, 
Exchange Rate and Indian Stock Market: Evidence from the Asymmetric Nonlinear 
ARDL Model. Resources Policy, 73, Article 102194. 
https://doi.org/10.1016/j.resourpol.2021.102194  

Kumar, S., Pradhan, A. K., Tiwari, A. K., & Kang, S. H. (2019). Correlations and Volatility 
Spillovers between Oil, Natural Gas, and Stock Prices in India. Resources Policy, 62, 282-
291. https://doi.org/10.1016/j.resourpol.2019.04.004  

Kurowicka, D., & Cooke, R. (2006). Uncertainty Analysis with High Dimensional Depend-
ence Modelling. Wiley. https://doi.org/10.1002/0470863072  

Li, X., & Wei, Y. (2018). The Dependence and Risk Spillover between Crude Oil Market 
and China Stock Market: New Evidence from a Variational Mode Decomposition-Based 
Copula Method. Energy Economics, 74, 565-581.  
https://doi.org/10.1016/j.eneco.2018.07.011  

Li, X., Sun, M., Gao, C., & He, H. (2019). The Spillover Effects between Natural Gas and 
Crude Oil Markets: The Correlation Network Analysis Based on Multi-Scale Approach. 
Physica A: Statistical Mechanics and Its Applications, 524, 306-324.  
https://doi.org/10.1016/j.physa.2019.04.141  

Lioudis, N. (2018). What Causes Oil Prices to Fluctuate?  
https://www.investopedia.com/ask/answers/012715/what-causes-oil-prices-fluctuate.asp  

Lovcha, Y., & Perez-Laborda, A. (2020). Dynamic Frequency Connectedness between Oil 
and Natural Gas Volatilities. Economic Modelling, 84, 181-189.  
https://doi.org/10.1016/j.econmod.2019.04.008  

Mensi, W., Al Rababa’a, A. R., Vo, X. V., & Kang, S. H. (2021a). Asymmetric Spillover and 

https://doi.org/10.4236/tel.2024.145094
https://doi.org/10.1016/j.frl.2023.103980
https://doi.org/10.1016/j.frl.2021.102363
https://doi.org/10.1016/j.econmod.2020.07.022
https://doi.org/10.1016/j.najef.2020.101161
https://doi.org/10.1214/lnms/1215452614
https://doi.org/10.1201/9780367803896
https://doi.org/10.1016/j.physa.2020.125423
https://doi.org/10.1016/j.resourpol.2021.102194
https://doi.org/10.1016/j.resourpol.2019.04.004
https://doi.org/10.1002/0470863072
https://doi.org/10.1016/j.eneco.2018.07.011
https://doi.org/10.1016/j.physa.2019.04.141
https://www.investopedia.com/ask/answers/012715/what-causes-oil-prices-fluctuate.asp
https://doi.org/10.1016/j.econmod.2019.04.008


A. B. Brayek, F. Al-Harbi 
 

 

DOI: 10.4236/tel.2024.145094 1882 Theoretical Economics Letters 
 

Network Connectedness between Crude Oil, Gold, and Chinese Sector Stock Markets. 
Energy Economics, 98, Article 105262. https://doi.org/10.1016/j.eneco.2021.105262  

Mensi, W., Rehman, M. U., Hammoudeh, S., & Vo, X. V. (2021b). Spillovers between Nat-
ural Gas, Gasoline, Oil, and Stock Markets: Evidence from MENA Countries. Resources 
Policy, 71, Article 101983. https://doi.org/10.1016/j.resourpol.2020.101983  

Mhalla, M. (2020). The Impact of Novel Coronavirus (COVID-19) on the Global Oil and 
Aviation Markets. Journal of Asian Scientific Research, 10, 96-104.  
https://doi.org/10.18488/journal.2.2020.102.96.104  

Nelson, D. B. (1991). Conditional Heteroskedasticity in Asset Returns: A New Approach. 
Econometrica, 59, 347-370. https://doi.org/10.2307/2938260  

Nelson, D. B., & Cao, C. Q. (1992). Inequality Constraints in the Univariate GARCH 
Model. Journal of Business & Economic Statistics, 10, 229-235.  
https://doi.org/10.1080/07350015.1992.10509902  

Nikoloulopoulos, A. K., Joe, H., & Li, H. (2012). Vine Copulas with Asymmetric Tail De-
pendence and Applications to Financial Return Data. Computational Statistics & Data 
Analysis, 56, 3659-3673. https://doi.org/10.1016/j.csda.2010.07.016  

Okorie, D. I., & Lin, B. (2022). Crude Oil Market and Nigerian Stocks: An Asymmetric 
Information Spillover Approach. International Journal of Finance & Economics, 27, 
4002-4017. https://doi.org/10.1002/ijfe.2356  

Sklar, M. (1959). Fonctions de repartition an dimensions et leurs marges. Publications de 
l’Institut Statistique de l’Université de Paris, 8, 229-231. 

Torrence, C., & Compo, G. P. (1998). A Practical Guide to Wavelet Analysis. Bulletin of 
the American Meteorological Society, 79, 61-78.  
https://doi.org/10.1175/1520-0477(1998)079<0061:apgtwa>2.0.co;2  

Wen, X., Bouri, E., & Roubaud, D. (2018). Does Oil Product Pricing Reform Increase Re-
turns and Uncertainty in the Chinese Stock Market? The Quarterly Review of Economics 
and Finance, 68, 23-30. https://doi.org/10.1016/j.qref.2017.08.003  

Xu, Y., Han, L., Wan, L., & Yin, L. (2019). Dynamic Link between Oil Prices and Exchange 
Rates: A Non-Linear Approach. Energy Economics, 84, Article 104488.  
https://doi.org/10.1016/j.eneco.2019.104488  

Yang, L., Cai, X. J., & Hamori, S. (2017). Does the Crude Oil Price Influence the Exchange 
Rates of Oil-Importing and Oil-Exporting Countries Differently? A Wavelet Coherence 
Analysis. International Review of Economics & Finance, 49, 536-547.  
https://doi.org/10.1016/j.iref.2017.03.015  

 

 
 

https://doi.org/10.4236/tel.2024.145094
https://doi.org/10.1016/j.eneco.2021.105262
https://doi.org/10.1016/j.resourpol.2020.101983
https://doi.org/10.18488/journal.2.2020.102.96.104
https://doi.org/10.2307/2938260
https://doi.org/10.1080/07350015.1992.10509902
https://doi.org/10.1016/j.csda.2010.07.016
https://doi.org/10.1002/ijfe.2356
https://doi.org/10.1175/1520-0477(1998)079%3c0061:apgtwa%3e2.0.co;2
https://doi.org/10.1016/j.qref.2017.08.003
https://doi.org/10.1016/j.eneco.2019.104488
https://doi.org/10.1016/j.iref.2017.03.015

	Time Varying Dependance between Crude Oil, Natural Gas and OPEC and NON-OPEC Exchange Rate Using Wavelet Vine Copula
	Abstract
	Keywords
	1. Introduction
	2. Literature Review
	3. Methodology
	3.1. Data
	3.2. Models
	3.2.1 Model for Marginal Distribution
	3.2.2. Wavelet
	3.2.3. Vine Copula


	4. Empirical Results
	4.1. Wavelet Approach
	4.2. Wavelet Vine Copula

	5. Conclusion
	Conflicts of Interest
	References

