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Abstract: Our study analyzes the return and volatility spillover among the natural gas, crude oil, and
electricity utility stock indices in North America and Europe from 4 August 2009 to 16 August 2019.
First, in time domain, both total return and volatility spillover are stronger in Europe than in North
America. Furthermore, compared to natural gas, crude oil has a greater volatility spillover on the
electricity utility stock indices in North America and Europe. Second, in frequency domain, most
of the return spillover occurs in the short-term, while most of the volatility spillover occurs over a
longer period. Third, the rolling analyses indicate that the return and volatility from 2009 to late 2013
remained stable in North America and Europe, which may be a result of the 2008 global financial
crisis, and started to fluctuate after late 2013 due to some extreme events, indicating that extreme
events can significantly influence spillover effects. Moreover, investors should monitor current events
to diversify their portfolios properly and hedge their risks.

Keywords: natural gas; crude oil; electricity utilities sector index; spillover effect;
time–frequency dynamics

1. Introduction

Our paper is aimed at analyzing the return and volatility spillover among natural gas, crude
oil, and the electricity utility sector indices across North America and Europe using the methods
of Diebold and Yilmaz [1] and Barunik and Krehlik [2] in time and frequency domains. In current
commodity markets, energy futures play a major role in economic activities. In particular, as natural
gas is cleaner and produces fewer greenhouse emissions than fossil fuels, such as oil and coal, the
importance of natural gas has been increasing in the global energy market. Natural gas can be used
in many areas, including residential, commercial, industrial, power generation, and vehicle fuels.
According to the IEA, natural gas grew 4.6% in 2018, accounting for almost half of the increase in global
energy demands (https://www.iea.org/fuels-and-technologies/gas). In both national policy scenarios
(gas demand increases by more than a third) and sustainable development scenarios (gas demand will
increase slowly by 2030 and return to current levels by 2040), natural gas continues to outperform coal
and oil. Meanwhile, crude oil is used to generate electricity, which is also an important raw material
for the chemical industry. Thus, we chose the United States (US) and Canada in North America, and
Germany, France, the United Kingdom (UK), and Italy in Europe, which are the Group of Seven (G7)
member countries, to investigate the spillover among the two energies and electricity utility stocks.
According to the BP Statistical Review of World Energy 2019 [3], the consumption shares of natural gas
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and crude oil in 2018 were as follows: US (16.6%), Canada (2.5%), Germany (2.3%), France (1.7%), the
UK (1.4%), and Italy (1.1%). These six countries are major consumers of natural gas and crude oil.

With the development of financial globalization, the financial community is paying increasingly
more attention to the transmission of dynamic return links and volatility throughout the capital market.
In the situation of a market crash or crisis, portfolio managers and policymakers need to take some
actions to prevent the risk of transmission. Therefore, empirical research on the intensity of spillovers
provides insights for accurate predictions of returns and volatility. In particular, investors should
know, especially in recent years, how fluctuations in natural gas, crude oil, and electricity utilities
stock indices affect the risk and value of their investment portfolios. In addition, from 2009 to 2019,
several major events influenced these two energy markets and the stock market. These extreme events
led to fluctuations in the return and volatility spillover among the three markets in North America
and Europe. Hence, understanding the return and volatility spillover caused by financial shocks is
not only essential for investors in terms of risk management and portfolio diversification but also for
policymakers in developing appropriate policies to avoid impacts from future extreme events. Tian
and Hamori [4] have also indicated that policymakers need to understand the transmission mechanism
of volatility shock spillover that leads to financial instability.

The main contributions of our study can be summarized as follows. First, as far as we know, this
is the first study to investigate the return and volatility spillover among natural gas, crude oil, and
the electricity utility sector indices in North America and Europe, respectively, using the Diebold and
Yilmaz [1] method for time domain and the Barunik and Krehlik [2] method for frequency domain.
Second, we separately analyzed the return and volatility spillover in North America and Europe
between the two energy futures and electricity utility stocks to determine the similarities and differences
of the spillover effects in the two regions. Third, we employ a rolling analysis to examine the dynamics
of the connectedness of return and volatility in time and frequency domains.

The remainder of our paper is described as follows. Section 2 provides a literature review. Section 3
describes the empirical techniques. In Section 4, we explain the data and the descriptive statistics
through a preliminary analysis. In Section 5, we report the empirical results of the spillover effects and
the moving window analysis. Finally, we conclude our analysis in Section 6.

2. Literature Review

There are numerous studies in the literature investigating spillover effects on the relationship
between crude oil and stock markets. Arouri et al. [5] used the generalized vector autoregression
(VAR)–generalized autoregressive conditional heteroskedasticity (GARCH) model to analyze the
volatility spillover between oil and the stock markets in Europe and the US. Using the sector data, they
found that oil and sector stock returns have significant volatility spillover. Soytas and Oran [6] used
the Cheung–Ng approach (Cheung and Ng [7]) to analyze the volatility spillover between the world
oil market and electricity stock returns in Turkey. They found new information that was not found
through conventional causality tests using aggregated market indices. Arouri et al. [8] used a recent
generalized VAR–GARCH model to investigate the return and volatility spillover between the oil and
stock markets among Gulf Cooperation Council (GCC) countries from 2005 to 2010. They found that
the return and volatility spillover between them was significant enough for investors to diversify their
portfolios. Nazlioglus et al. [9] investigated the volatility transmission between crude oil and some
agricultural commodity markets (wheat, corn, soybean, and sugar). They found that the good price
crisis and risk transmission has significantly affected the dynamics of volatility spillover. Nakajima
and Hamori [10] analyzed the relationship among electricity prices, crude oil prices, and exchange
rates. They found that exchange rates and crude oil Granger cause electricity prices neither in mean
nor in variance.

Despite the many well-documented studies on the spillover between crude oil and the stock
market, there are relatively few studies on the natural gas and financial markets. Ewing et al. [11]
analyzed the volatility spillover between oil and natural gas markets using the GARCH model.
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Acaravci et al. [12] investigated the long-term relationship between natural gas prices and stock prices
using the vector error correction model developed by Johansen and Juselius [13].

Diebold and Yilmaz [1,14,15] developed the methodology of analyzing the connectedness in time
domain based on the variance decomposition of the forecast error to assess the share of forecast error
variation in its magnitude and direction; Barunik and Krehlik [2] then extended this connectedness to
frequency domain to show the spillover effect from different frequency ranges. Many researchers have
applied these empirical techniques to investigate the connectedness between markets in time domain
or both in time and frequency domains.

Maghyereh et al. [16] analyzed the connectedness between oil and equities in 11 major stock
exchanges in time domain. They found a robust transmission from the crude oil market to the equity
market, which grew stronger from mid-2009 to mid-2012. Duncan and Kabundi [17] investigated
the domestic and foreign sources of volatility spillover in South Africa in time domain. In addition,
Liow [18] characterized the conditional volatility spillover among G7 countries in regard to public
real estate, stocks, bonds, money, and currency, both domestically and internationally in time domain.
Sugimoto et al. [19] examined the spillover effects on African stock markets during the global financial
crisis and the European sovereign debt crisis in time domain.

Toyoshima and Hamori [20] researched the connectedness of return and volatility in the global
crude oil markets in time and frequency domains. They found that the Asian currency crisis (1997–1998)
and the global financial crisis (2007–2008) generated an increase in return and volatility spillover effects.
Lovcha et al. [21] characterized the dynamic connectedness between oil and natural gas volatility in
frequency domain. Ferrer et al. [22] analyzed the return and volatility connectedness of the stock
prices of US clean energy companies, crude oil prices, and important financial variables in time and
frequency domains.

We use a rolling analysis to examine the spillover of return and volatility in North America and
Europe separately in time and frequency domains. Zhang and Wang [23] also analyzed the return
and volatility spillover between the Chinese and global oil markets and employed a moving-window
analysis to better understand and capture the dynamics of return and volatility spillover in time domain.

Finally, we investigate some prior studies similar to ours. Similar to our study, Oberndorfer
et al. [24] focused on investigating the volatility spillover across energy markets and the pricing of
European energy stocks by using the GARCH model, and they found that oil price is the main index
for energy price developments in the European stock market. Kenourgios et al. [25] investigated the
contagion effects of the global financial crisis (2007–2009) across assets in different regions. Kenourgios
et al. [26] also investigated the contagion effects of the global financial crisis (2007–2009) in six developed
and emerging regions by applying the FIAPARCH model. Baur [27] also studied different channels
of financial contagions across 25 major countries and found that the crisis significantly increased the
co-movement of returns. Singh et al. [28] examined price and volatility spillovers in the stock markets
of North America, Asia, and Europe and found that a greater regional influence exists among the Asian
and European stock markets. Balli et al. [29] analyzed the return and volatility spillovers and their
determinants in emerging Asian and Middle Eastern countries. They found that developed financial
markets have significant spillover effects on emerging financial markets and shocks originated in the
US play a dominant role.

3. Empirical Techniques

3.1. Diebold–Yilmaz Method

Our study employs the method proposed by Diebold and Yilmaz [1] for measuring spillover in a
generalized VAR framework. This approach was designed to measure the connectedness concept built
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on the basis of the generalized forecast error variance decomposition (GFEVD) of a VAR approximating
model. First, we conceived an N-variable VAR (p) model, as (1) below.

yt=
∑p

i=1
Φiyt−i+εt (1)

where yt is the N × 1 vector of the observed variables at time t, and Φ is the N × N coefficient matrix.
The error vector εt is independent and identically distributed, and white noise (0,

∑
) with covariance

matrix
∑

is possibly non-diagonal.
In this model, the VAR process can also transform into the vector moving average (VMA) (∞), as

represented in (2). It is effective to use with the (N × N) matrix lag-polynomial |In-Φ1z−· · · −Φpzp| = 0
with the In identity matrix. Assuming that the roots of |Φ(z)| lie outside the unit circle,

yt=ψ(L)εt (2)

where ψ(L) is the (N × N) matrix of infinite lag polynomials that can be calculated from ψ(L) =

[ψ(L)]−1. However, as the order of the variables in the VAR system may influence the impulse response
or variance decomposition results, to eliminate the influence from the ordering of the variables in the
variance decomposition, Diebold and Yilmaz [1] applied the generalized VAR framework developed by
Koop et al. [30] and Pesaran and Shin [31]. On the basis of this framework, the H-step-ahead GFEVD
can be written in the form of (3):

(θH) jk =
σ−1

kk ΣH
h=0((ψhΣ) jk)

2

ΣH
h=0(ψhΣψ

′

h) j j

(3)

where ψh is an N × N coefficient matrix of polynomials at lag h, and σ−1
kk = (Σ)kk. (θH) jk indicates the

contribution of the kth variable of the model to the variance of the forecast error of element j at horizon
h. To sum the elements in each row of the GFEVD to total 1, each entry is normalized by the row sum as

~
θ

H

jk =
θH

jk

ΣN
K=1θ

H
jk

(4)

~
θ

H

jk measures the pairwise spillover from k to j at horizon H and also measures the spillover effect from
market k to j. We can aggregate this to measure the total spillover of the system. The total spillover can
be measured by the pairwise spillover. The connectedness can be seen as the share of variance in the
forecasts contributed to by errors (Diebold and Yilmaz [1]).

SH = 100×
ΣN

j,k

~
θ

H

jk

Σ
~
θ

H = 100×

1−
Tr

{
~
θ

H
}

Σ
~
θ

H

 = 100×

1−
Tr

{
~
θ

H
}

N

 (5)

where Tr{.} is the trace operator. The total spillover calculates the total spillover across all markets in
the form of (5). There are two measures by Diebold and Yilmaz [1] that show the relative importance
of each variable in the system:

Directional Spillover (From): SH
k← = 100×
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3.2. Barunik and Krehlik Method

Following Barunik and Krehlik [2], we describe the frequency dynamics (for the short-term, the
medium-term, and the long-term) of spillover and the spectral formulation of variance decomposition.

Notably, we measure spillovers in frequency domain using Fourier transform. Moreover, the
frequency response function is obtained as a Fourier transform of the coefficients ψh:ψ

(
e−iω

)
=

Σhe−iωhψh, where i =
√
−1. The generalized causation spectrum over frequenciesω ∈ (−π, π) is defined

in the form of (6)

( f (ω)) jk =

σ−1
kk

∣∣∣∣∣(ψ(
e−iω

)
Σ
)

jk

∣∣∣∣∣2
(ψ(e−iω)Σψ′(e+iω)) j j

(6)

where ψ
(
e−iω

)
= Σhe−iωhψh is the Fourier transform of the impulse response ψh. It is vital to pay

attention to (f(ω)) jk, namely, the portion of the spectrum of the jth variable at a given frequency ω
due to shocks in the kth variable. As domination holds the spectrum of the jth variable at a given
frequency ω, we establish (6) for the quantity within the frequency causation. To obtain the generalized
decomposition of the variance’s decompositions to frequencies, we weight (f(ω)) jk by the frequency
share of the variance of the jth variable. This weighting function can be defined as (7)

Γ j(ω) =
(ψ

(
e−iω

)
Σψ′

(
e+iω

)
)

j j

1
2π

∫ π
−π

(ψ(e−iλ)Σψ′(e+iλ)) j jdλ
(7)

where the power of the jth variable at a given frequency sums through the frequencies to a constant
value of 2π. When the Fourier transform of the impulse is a complex number value, the generalized
factor spectrum is the squared coefficient of the weighted complex numbers and, therefore, a real
number. In sum, we set the frequency band d = (a, b): a, b ∈ (−π, π), a < b.

The GFEVD under the frequency band d is

θjk(d) =
1

2π

∫ b

a
Γ j(ω)(f(ω)) jkdω (8)

However, GFEVD will still be normalized into (9). The scaled GFEVD on the frequency band d =

(a, b): a, b ∈ (−π, π), a < b is shown below:

~
θjk(d) =

θjk(d)

Σkθjk(∞)
(9)

where
~
θ jk(d) is defined as the pairwise spillover at a given frequency band d. At the same time, it is

possible to define the total spillover at frequency band d.
The frequency total spillover (frequency connectedness) on frequency band d can be defined as

SF(d) = 100×

 Σ
~
θ(d)

Σ
~
θ(∞)

−

Tr
{~
θ(d)

}
Σ

~
θ(∞)

 (10)

where Tr{.} is the trace operator, and Σ
~
θ(d) is the sum of all elements of the

~
θ(d) matrix. The frequency

total spillover decomposes the total spillover into the long-term, the medium-term, and the short-term,
and these can sum into the total spillover S, as defined by Diebold and Yilmaz [1].

Equally, we can also define the two directional spillovers for frequency according to Diebold and
Yilmaz [1].
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Frequency Directional Spillover (From): SF
k←(d) = 100 ×
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; the frequency directional spillover
(to) is the spillover that market k transmits to all other markets at frequency band d.

4. Data

We use daily data for the natural gas, crude oil, and electricity utility sector indices of Europe and
North America from 4 August 2009 to 16 August 2019, without uncommon business days. Because
the data and CAC Utilities Index (USD) extends from 4 August 2009 to 16 August 2019, in order to
consolidate the time for all data, we chose this time period. To avoid the influence of the exchange
rate on our results, we consolidated the currency units of the variables into a dollar currency unit.
Specifically, the variables we use are shown in Table 1.

Table 1. Variables in the model.

North America

Variable Data Data Source

Natural Gas Henry Hub Natural Gas Futures (USD/Million Btu) Bloomberg
Crude Oil Crude Oil WTI Futures (USD/Barrel) Bloomberg

US S&P 500 Utilities Index (USD) Dow Jones
Canada S&P/TSX Capped Utilities Sector Index (USD) Bloomberg

Europe

Variable Data Data Source

Natural Gas ICE UK Natural Gas Futures (NBP) (USD/Million Btu) Bloomberg
Crude Oil ICE Brent Futures (USD/Barrel) Bloomberg
Germany DAX subsector All Electricity (USD) DataStream

UK FTSE 350 Electricity Index (USD) DataStream
France CAC Utilities Index (USD) DataStream
Italy FTSE ITALIA ALL-SHARE UTILITIES (USD) DataStream

For the North American market, we use the daily prices of the Henry Hub Natural Gas Futures
from Bloomberg for the natural gas market. For the crude oil market, we employ the Crude Oil WTI
Futures from Bloomberg. With exports grown in Europe, South America, and Asia, the New York
Mercantile Exchange (NYMEX) Henry Hub Natural Gas futures have become a global price benchmark
for natural gas trading. WTI, a medium crude oil and futures contract launched by the NYMEX in 1983,
has long been a benchmark for international crude oil prices, thus making an important contribution
to the development of the global crude oil market. For the stock market, we use the electricity utilities
in the US and Canada. For the US, we use the Standard and Poors 500 Utilities (S&P 500) which is
composed of electricity and energy companies included in the S&P 500. This is classified as members
of the Global Industry Classification Standard (GICS) utilities sector, such as the American Electric
Power Company (AEP), Duke Energy Company (DU), Consolidated Edison Company (ED), and 28
other companies in total. The S&P/TSX Capped Utilities Sector Index (TSX) is a market-value-weighted
index obtained from 16 electricity and energy companies, such as Emera Inc. (EMA) and Fortis Inc.
(FTS).

For Europe, we use the daily price of the Intercontinental Exchange (ICE) UK Natural Gas Futures
for the natural gas market and the ICE Brent Futures for the crude oil market. The ICE UK Natural Gas
Futures contract is used for physical delivery by transfer of natural gas rights at the National Balancing
Point (NBP) virtual trading point operated by the National Grid, a UK transmission system operator.
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This is the second most common liquid gas trading point in Europe. Brent Oil is the primary trading
category for sweet light crude and serves as a benchmark price for oil purchases in the world. For stock
markets, in Germany, we use the Dax subsector All Electricity (DAX), calculated by Deutsche Börse.
DAX is a market-value-weighted index that includes companies with an average daily trading volume
of at least €1 million to qualify. In the UK, we use the market-value-weighted FTSE 350 Electricity Index
(FTSE 350), which includes three companies: DRAXGROUP, SSE (Scottish and Southern Electricity),
and Contour global, all of which are large electricity enterprises in the UK. In France, we use the
CAC Utilities Index (CAC), a market-value-weighted index that comprises 10 electricity and energy
companies, including EDF and ENGIE. In Italy, we use the FTSE ITALIA ALL-SHARE UTILITIES
Index (FTSE Italia), which includes 14 electricity and energy companies, such as ENEL (an Italian
multinational energy company working in the field of power generation and distribution).

Figure 1a shows images of the prices of natural gas, crude oil, and the electricity utility sector
indices in North America. Figure 1b illustrates the natural gas, crude oil, and electricity utility sector
indices in Europe. As we can see, in the North America market, the price of the natural gas, crude
oil, and electricity utility sector index in Canada follow similar trends and fluctuate violently. These
trends dropped dramatically from 2014 to 2016 due to the international oil price crisis. In general,
the electricity utility sector index in the US increased continuously from 2009 to 2019, after the global
financial crisis of 2007–2009. Relatively, in the European market, Figure 1b shows that the prices of
natural gas, crude oil, and the electricity utility sector index follow a semblable non-stationary trend.
Moreover, due to international oil price crisis of 2014–2016, energy prices dropped to varying degrees
during this time period.

In our analysis, we calculated the closing price of the North American market and the European
logarithmic difference as the daily return data, as shown in Figure 2a,b. Furthermore, we use the
Ljung-Box, which has a lag of 20 to test the time variations of the return series and confirm that
the return of all variables is not a white noise series with 10% significance. We use the ARMA
(Autoregressive Moving Average)–GARCH model to calculate the volatilities of four assets in North
America and six assets in Europe, and the plots are shown in Figure 3a,b. Additionally, the lag of the
GARCH model is determined on the basis of the Akaike Information Criterion (AIC).

The descriptive basic statistics of the return and volatility series are shown in Table 2, Table 3.
In North America, we find that the mean returns of natural gas and crude oil have negative values.
However, the others have positive mean returns. Furthermore, natural gas has the largest maximum
daily return and the largest minimum daily return. Specifically, we find that natural gas is the most
volatile, followed by crude oil, TSX (Canada), and the S&P 500 (US). Moreover, based on skewness,
we find that, except for natural gas, the returns are left-skewed, whereas the return of natural gas is
right-skewed. Meanwhile, according to kurtosis, the volatility of the four assets are right-skewed.
Regarding kurtosis, the returns and volatilities of the four assets are leptokurtic, which means that
the four variables will show more peaked and fat tails. Finally, as the most commonly used unit root
testing method, the augmented Dickey–Fuller (ADF), proposed in 1981, tests the null hypothesis that a
variable has a unit root, which means that the variable is nonstationary. From the ADF results, the null
hypothesis is rejected at 1% significance level for all variables.
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Figure 1. (a) Time-variations of the price series in North America. Notes: Henry Hub indicates natural
gas; WTI indicates crude oil; US indicates the S&P 500 Utilities Index; CANADA indicates the S&P/TSX
Capped Utilities Sector Index. (b) Time-variations of the price series in Europe. Notes: NBP indicates
natural gas; BRENT indicates crude oil; GERMANY indicates the DAX subsector for all electricity; UK
indicates the FTSE 350 Electricity Index; FRANCE indicates the CAC Utilities Index; ITALY indicates
FTSE Italia All-Share Utilities Index.

Meanwhile, in the European market, in contrast to the North America market, we see that the
mean returns of crude oil, DAX (Germany), FTSE 350 (UK), and CAC (France) have negative values.
However, the others have positive mean returns. Natural gas has the largest maximum daily return, and
FTSE 350 (the UK) has the largest minimum daily return. However, we find that natural gas is the most
volatile, followed by crude oil, DAX (Germany), CAC (France), FTSE Italia (Italy), FTSE 350 (UK), and
DAX (Germany). On the basis of skewness, the returns of natural gas and crude oil are right-skewed,
but the others are left-skewed. In addition, the volatilities of the six assets are right-skewed. Regarding
kurtosis, except for the return of CAC (France), which is platykurtic, the returns of the others are
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leptokurtic. Moreover, the volatilities of the six assets are leptokurtic. Eventually, based on the ADF
results, we reject the null hypothesis of a unit root at 1% significance level for all series.Energies 2020, 13, x FOR PEER REVIEW 8 of 25 
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Figure 2. (a) Time-variations of the return series in North America. Notes: Henry Hub indicates natural
gas; WTI indicates crude oil; US indicates the S&P 500 Utilities Index; CANADA indicates the S&P/TSX
Capped Utilities Sector Index. (b) Time-variations of return series in Europe. Notes: NBP indicates
natural gas; BRENT indicates crude oil; GERMANY indicates the DAX subsector for all electricity; UK
indicates the FTSE 350 Electricity Index; FRANCE indicates the CAC Utilities Index; ITALY indicates
FTSE Italia All-Share Utilities Index.
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Figure 3. (a) Time-variations of the volatility series in North America. Notes: Henry Hub indicates
natural gas; WTI indicates crude oil; US indicates the S&P 500 Utilities Index; CANADA indicates
the S&P/TSX Capped Utilities Sector Index. (b) Time-variations of volatility series in Europe. Notes:
NBP indicates natural gas; BRENT indicates crude oil; GERMANY indicates the DAX subsector for all
electricity; UK indicates the FTSE 350 Electricity Index; FRANCE indicates the CAC Utilities Index;
ITALY indicates FTSE Italia All-Share Utilities Index.
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Table 2. Descriptive statistics of the return and volatility series in North America.

Descriptive Statistics for Return

HENRY.HUB WTI US CANADA

Mean −0.00045 −0.00012 0.00029 0.00007
Median −0.00080 0.00060 0.00079 0.00020

Maximum 0.268 0.116 0.041 0.049
Minimum −0.181 −0.108 −0.056 −0.065

Std. Deviation 0.030 0.021 0.009 0.010
Skewness 0.567 −0.051 −0.465 −0.209
Kurtosis 6.008 2.758 2.292 3.193

ADF −35.791 *** −35.310 *** −36.386 *** −34.565 ***

Descriptive Statistics for Volatility

HENRY.HUB WTI US CANADA

Mean 0.028 0.020 0.009 0.010
Median 0.025 0.018 0.008 0.009

Maximum 0.096 0.051 0.021 0.024
Minimum 0.015 0.010 0.005 0.004

Std. Deviation 0.010 0.007 0.002 0.004
Skewness 2.055 1.346 1.416 1.346
Kurtosis 5.789 2.297 3.503 1.791

ADF –5.446 *** −3.954 *** −5.658 *** −4.710 ***

Note: ADF: Augmented Dickey and Fuller Unit Root Test (1979); *** denotes a rejection of the null hypothesis at 1%
significance level.

Table 3. Descriptive statistics for return and volatility in Europe.

Descriptive Statistics for Return

NBP BRENT GERMANY UK FRANCE ITALY

Mean 0.00002 −0.00002 −0.00023 −0.00012 −0.00034 0.00014
Median −0.00050 0.00040 −0.00030 0.00042 0.00000 0.00080

Maximum 0.363 0.104 0.078 0.066 0.074 0.068
Minimum −0.131 −0.090 −0.114 −0.172 −0.101 −0.114

Std. Deviation 0.026 0.019 0.016 0.013 0.015 0.015
Skewness 1.687 0.005 −0.067 −1.382 −0.319 −0.454
Kurtosis 20.731 2.694 3.268 13.807 −0.319 3.205

ADF −36.424 *** −35.247 *** −38.437 *** −35.606 *** −35.442 *** −36.552 ***

Descriptive Statistics for Volatility

NBP BRENT GERMANY UK FRANCE ITALY

Mean 0.024 0.018 0.015 0.013 0.015 0.015

Median 0.022 0.017 0.015 0.012 0.014 0.014

Maximum 0.139 0.047 0.030 0.056 0.035 0.036

Minimum 0.010 0.008 0.012 0.010 0.009 0.009

Std. Deviation 0.012 0.006 0.002 0.003 0.004 0.004

Skewness 2.574 1.292 1.744 5.502 1.843 1.671

Kurtosis 13.910 2.021 4.675 56.087 4.066 3.403

ADF −2.942 *** −3.811 *** −8.625 *** −10.936 *** −4.692 *** −6.305 ***

Note: ADF: Augmented Dickey and Fuller Unit Root Test (1979); *** denotes a rejection of the null hypothesis at 1%
significance level.
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5. Empirical Results

5.1. Spillover Results

We followed Diebold and Yilmaz [1] (hence, DY12) to obtain the spillover effects in the time
domain. We first estimated the four variables in our VAR model in the North American market and
the six variables in our VAR model in the European market. Then, we used the generalized variance
decomposition for a forecast error to set up the spillover table to measure the direction and intensity of
spillover across the selected markets.

Next, in frequency domain, following Barunik and Krehlik [2] (hence, BK18), we used Fourier
transform to decompose the spillover table in the DY12 model into three different frequency bands,
stated in Toyoshima and Hamori [20] as the short-term, “Fre S,” roughly corresponding to 1 to 5 days;
the medium-term, “Fre M,” roughly corresponding to 6 to 21 days; and the long-term, “Fre L,” roughly
corresponding to 22 days to infinity.

In this study, the lag length of the VAR model is based on the AIC. According to our BK18 model,
if the forecasting horizon is (H) < 100, the method is invalid. Consequently, we used a 100-day ahead
forecasting horizon (H) for variance decomposition.

In Table 4, Table 5, we show the return spillover results from DY12 and BK18, which include the
two markets: North America and Europe. Specifically, Tables 4 and 5 includes four sub-tables. At the
top are the results of the DY12, followed by the short-term, the medium-term, and the long-term results
from the BK18. In each sub-table, the values in the ith row and the jth column equate to the strength of
the spillover effect from the jth market to the ith market. For example, in the DY12 return spillover
results in the North American market, the strength of the spillover effect in the third column (US) and
the second row (WTI) is 2.264. The values in the last row called “TO” indicate the mean value of the
spillover effect on the other markets, whereas the values in the last column called “FROM” indicate the
mean value of the spillover effect from the other markets. The total spillover is the summary of all
“TO” or “FROM” (for example, 17.165, as shown in the lower right corner).

Table 4. The return spillover table of DY, 2012 and BK, 2016 (North America).

North America (Return)

Spillover Results (DY12)

HENRY.HUB WTI US CANADA FROM

HENRY.HUB 98.033 1.425 0.147 0.394 0.492
WTI 1.177 82.863 2.264 13.697 4.284
US 0.163 2.242 79.294 18.301 5.177

CANADA 0.318 11.8 16.73 71.151 7.212
TO 0.415 3.867 4.785 8.098 17.165

Spillover Results (BK18)

Frequency S 1–5 Days

HENRY.HUB WTI US CANADA FROM

HENRY.HUB 82.275 1.237 0.117 0.326 0.42
WTI 0.968 68.456 1.825 10.802 3.399
US 0.157 1.94 64.922 14.496 4.148

CANADA 0.227 9.137 12.591 55.607 5.489
TO 0.338 3.078 3.633 6.406 13.455

Frequency M 6–21 Days

HENRY.HUB WTI US CANADA FROM

HENRY.HUB 11.643 0.14 0.022 0.05 0.053
WTI 0.154 10.627 0.322 2.127 0.651
US 0.005 0.223 10.591 2.796 0.756

CANADA 0.067 1.956 3.033 11.414 1.264
TO 0.056 0.58 0.844 1.243 2.724
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Table 4. Cont.

Frequency L 22–Infinite Days

HENRY.HUB WTI US CANADA FROM

HENRY.HUB 4.116 0.049 0.008 0.018 0.019
WTI 0.055 3.78 0.117 0.768 0.235
US 0.002 0.079 3.781 1.009 0.272

CANADA 0.025 0.708 1.106 4.13 0.46
TO 0.02 0.209 0.308 0.449 0.986

Note: Freq S: the spillover at “Freq S” roughly corresponds to 1 to 5 days; Freq M: the spillover at “Freq M” roughly
corresponds to 6 to 21 days; Freq L: the spillover at “Freq L” roughly corresponds to 22 to infinite days.

Table 5. Return spillover table of DY (2012) and BK (2018) (Europe).

Europe (Return)

Spillover Results (DY12)

NBP BRENT GERMANY UK FRANCE ITALY FROM

NBP 95.472 1.562 0.229 1.249 0.899 0.588 0.755
BRENT 1.476 80.502 0.859 5.142 6.353 5.667 3.25

GERMANY 0.315 1.176 85.497 1.441 5.395 6.177 2.417
UK 0.757 3.889 1.016 59.907 18.122 16.309 6.682

FRANCE 0.487 3.882 3.076 14.526 48.209 29.82 8.632
ITALY 0.353 3.452 3.568 13.401 30.282 48.944 8.509

TO 0.565 2.327 1.458 5.96 10.175 9.76 30.245

Spillover Results (BK18)

Frequency S 1–5 Days

NBP BRENT GERMANY UK FRANCE ITALY FROM

NBP 77.614 1.2 0.177 0.926 0.656 0.456 0.569
BRENT 1.364 66.891 0.795 4.062 5.013 4.614 2.641

GERMANY 0.31 0.797 71.894 1.123 4.185 4.976 1.898
UK 0.624 2.975 0.799 48.48 14.355 13.195 5.325

FRANCE 0.452 2.943 2.373 11.673 38.348 23.9 6.89
ITALY 0.332 2.792 2.84 11.254 24.717 40.276 6.989

TO 0.514 1.785 1.164 4.84 8.154 7.857 24.313

Frequency M 6–21 Days

NBP BRENT GERMANY UK FRANCE ITALY FROM

NBP 13.161 0.266 0.038 0.236 0.178 0.097 0.136
BRENT 0.085 10.047 0.048 0.794 0.985 0.775 0.448

GERMANY 0.005 0.277 10.052 0.233 0.889 0.884 0.381
UK 0.098 0.67 0.16 8.414 2.768 2.292 0.998

FRANCE 0.027 0.688 0.517 2.099 7.252 4.357 1.281
ITALY 0.016 0.486 0.536 1.587 4.102 6.393 1.121

TO 0.038 0.398 0.216 0.825 1.487 1.401 4.365

Frequency L 22–Infinite Days

NBP BRENT GERMANY UK FRANCE ITALY FROM

NBP 4.697 0.097 0.014 0.087 0.065 0.035 0.05
BRENT 0.028 3.564 0.016 0.286 0.355 0.278 0.16

GERMANY 0.001 0.101 3.551 0.084 0.322 0.317 0.137
UK 0.035 0.243 0.058 3.013 0.999 0.822 0.359

FRANCE 0.008 0.25 0.187 0.753 2.61 1.564 0.46
ITALY 0.005 0.174 0.192 0.56 1.463 2.275 0.399

TO 0.013 0.144 0.078 0.295 0.534 0.503 1.567

Note: Freq S: the spillover at “Freq S” roughly corresponds to 1 to 5 days; Freq M: the spillover at “Freq M” roughly
corresponds to 6 to 21 days; Freq L: the spillover at “Freq L” roughly corresponds to 22 to infinite days.
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Next, we identify some specifics when we compare the difference between the return spillover
effect in North America and in Europe using the pure time-domain approach of DY12. First, for the
total return spillover effect, we can see that the total return spillover effect in Europe (30.245%) is
stronger than that in North America (17.165%). This demonstrates that the return connectedness of
natural gas, crude oil, and the electricity utility sector index in Europe is stronger than that in North
America. Whether in North America or Europe, the total return spillover of crude oil contributes more
than natural gas to the electricity utility stock market in each country. Further, in North America,
Canada receives a greater effect from the two energy futures (0.318% from natural gas and 11.8% from
crude oil) compared with the US in the time domain. In contrast, Canada exerts a greater effect on the
natural gas (0.394%) and crude oil (13.697%) sectors in the time domain. In Europe, the UK receives
the greatest effect from the two energy futures (0.757% from natural gas and 3.889% from crude oil)
compared with the other three countries in the time domain. The UK transmits the greatest effect on
natural gas (1.249%), but France transmits the greatest effect on crude oil (6.353%) in the time domain,
which contrasts with the situation in North America. Finally, we find that there are some differences in
the return spillover effect among the two commodity markets and the stock market in North America
and Europe, respectively. In North America, we find that the US receives a greater return spillover
effect on natural gas (0.163%) and transmits less of an effect (0.147%). In contrast to the US, Canada
transmits more of a return spillover effect on natural gas (0.394%) and receives a smaller effect (0.318%).
In contrast to the natural gas market, the US transmits more of a return spillover effect on crude oil
(2.264%) and receives a smaller effect (2.242%). In the same vein as the US, Canada also transmits more
of a return spillover effect on crude oil (13.697%) and receives a smaller effect (11.8%).

In Europe, except for Germany, the other three stock markets transmit more of a return spillover
effect on natural gas and receive a smaller effect. In the same vein as the situation for natural gas,
except for Germany, the other three stock markets transmit more of a return spillover effect on crude
oil and receive a smaller effect. In terms of frequency, Tables 4 and 5 reveal that looking at either North
America or Europe, the total return spillover in the short-term (Frequency S 1–5 Days) is the highest,
followed by the medium-term (Frequency M 6–21 Days) and the long-term (Frequency L 22–Infinity
Days). These results suggest that the return shocks from any market transmitted to another market
will not exceed one week.

Table 6, Table 7 show the volatility spillover results of DY12 and BK18 with the same construction.
Table 6 shows the volatility spillover effect in North America, and Table 7 shows the effect in Europe.
In time domain of DY12, we find the following. The total volatility spillover effect in Europe (27.929%)
is stronger than that in in North America (20.216%). This situation is the same for the total return
spillover; whether in North America or Europe, the total volatility spillover of crude oil transmits more
than natural gas to the electricity utility stock market in each country. In North America, between the
two stock markets, Canada receives the greatest spillover effect from natural gas (0.664%), and the US
receives the greatest effect from crude oil (6.771%) in the time domain. Among the two commodity
markets, WTI is the most influential market on the stock market, transmitting the largest volatility
spillover to the US (6.771%) and Canada (6.302%) and is also the market that receives the largest
volatility spillover from the US (4.373%) and Canada (19.036%) compared with the natural gas market.

In the European market, among the four stock markets, the UK receives the largest effect from
natural gas (0.785%), and Germany receives the largest effect from crude oil (4.56%) in the time domain.
However, the UK transmits the largest effect on crude oil (8.843%), and Germany transmits the largest
effect on natural gas (2.374%) compared with other countries in the time domain. In addition, in terms
of frequency and in contrast to the return spillover, Tables 6 and 7 reveal that in both North America
and Europe, the total volatility spillover for the long-term (Frequency L 22–Infinity Days) is the highest,
followed by the medium-term (Frequency M 6–21 Days) and the short-term (Frequency S 1–5 Days).
These results imply that volatility shocks have a long-lasting effect.
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Table 6. Volatility spillover table of DY12 and BK18 (North America).

North America (Volatility)

Spillover Results (DY12)

HENRY.HUB WTI US CANADA FROM

HENRY.HUB 96.379 0.471 1.073 2.077 0.905
WTI 2.715 73.876 4.373 19.036 6.531
US 0.577 6.771 67.206 25.446 8.199

CANADA 0.664 6.302 11.36 81.674 4.581
TO 0.989 3.386 4.201 11.64 20.216

Model Spillover Results (BK18)

Frequency S 1–5 Days

HENRY.HUB WTI US CANADA FROM

HENRY.HUB 2.19 0.001 0 0.03 0.008
WTI 0.011 0.686 0.006 0.001 0.004
US 0.01 0.012 1.871 0.144 0.042

CANADA 0.015 0.029 0.175 1.07 0.055
TO 0.009 0.01 0.045 0.044 0.108

Frequency M 6–21 Days

HENRY.HUB WTI US CANADA FROM

HENRY.HUB 6.192 0.002 0.004 0.084 0.023
WTI 0.032 1.951 0.018 0.006 0.014
US 0.028 0.037 5.257 0.415 0.12

CANADA 0.042 0.083 0.498 3.036 0.156
TO 0.025 0.03 0.13 0.126 0.312

Frequency L 22–Infinite Days

HENRY.HUB WTI US CANADA FROM

HENRY.HUB 87.998 0.469 1.068 1.963 0.875
WTI 2.673 71.239 4.35 19.029 6.513
US 0.539 6.722 60.078 24.886 8.037

CANADA 0.607 6.19 10.686 77.568 4.371
TO 0.955 3.345 4.026 11.47 19.796

Note: Freq S: the spillover at “Freq S” roughly corresponds to 1 to 5 days; Freq M: the spillover at “Freq M” roughly
corresponds to 6 to 21 days; Freq L: the spillover at “Freq L” roughly corresponds to 22 to infinite days.

5.2. Dynamic (Moving-Window) Analysis

We have useful results on the total spillover effects from our full sample. However, these results
are not helpful in analyzing how connectedness changes over time. If we only focus on the static
results, the VAR estimated over the whole sample may smooth out the results when there is time
variation in the relationship between the variables (Lovcha [21]). In order to better understand the
dynamics of spillover effects, we employ a moving-window to analyze the spillover results of DY12
and BK18. For the moving-window method, we keep the forecast horizon at 100, which is used in the
static analysis. For example, Toyoshima and Hamori [20] employ 100–day rolling samples. Jorion [32]
sets a 20–day window for estimation. Blanchard et al. [33] used a five–year rolling standard deviation
of output growth in the US. Similarly, we set the length of the window at 250 trading days, 370 trading
days, and 500 trading days, and find that the plots of these trading days have almost the same trends.
We put the results into Appendix A. For this reason, we chose 500 trading days for the length of the
moving-window to keep the rolling sample large enough to ensure the stationarity of the series in each
VAR estimation.
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Table 7. Volatility spillover table of) DY12 and BK18 (Europe).

Europe (Volatility)

Spillover Results (DY12)

NBP BRENT GERMANY UK FRANCE ITALY FROM

NBP 95.825 0.142 2.374 0.57 0.315 0.775 0.696
BRENT 7.628 72.585 0.516 8.843 3.489 6.939 4.569

GERMANY 0.372 4.56 85.188 0.815 4.103 4.962 2.469
UK 0.785 4.186 0.68 69.947 11.411 12.99 5.009

FRANCE 0.061 1.067 2.13 10.504 56.435 29.804 7.261
ITALY 0.252 0.382 2.676 9.658 34.583 52.448 7.925

TO 1.517 1.723 1.396 5.065 8.984 9.245 27.929

Spillover Results (BK18)

Frequency S 1–5 Days

NBP BRENT GERMANY UK FRANCE ITALY FROM

NBP 4.619 0.003 0.001 0.001 0.001 0.002 0.001
BRENT 0.012 0.645 0 0.004 0.008 0.001 0.004

GERMANY 0.002 0.002 5.888 0.001 0.03 0.026 0.01
UK 0.003 0.013 0.003 7.448 0.889 0.892 0.3

FRANCE 0 0.02 0.004 0.101 0.9 0.34 0.078
ITALY 0.002 0.037 0.009 0.217 0.642 1.782 0.151

TO 0.003 0.012 0.003 0.054 0.262 0.21 0.544

Frequency M 6–21 Days

NBP BRENT GERMANY UK FRANCE ITALY FROM

NBP 12.611 0.007 0.036 0.016 0.008 0.014 0.013
BRENT 0.042 1.839 0.002 0.042 0.033 0.027 0.024

GERMANY 0.021 0.017 15.534 0.025 0.072 0.063 0.033
UK 0.011 0.052 0.027 17.694 2.135 2.188 0.735

FRANCE 0.002 0.056 0.017 0.33 2.589 1.011 0.236
ITALY 0.005 0.099 0.043 0.677 1.849 4.933 0.446

TO 0.013 0.038 0.021 0.181 0.683 0.551 1.487

Frequency L 22–Infinite Days

NBP BRENT GERMANY UK FRANCE ITALY FROM

NBP 78.595 0.133 2.337 0.553 0.306 0.758 0.681
BRENT 7.574 70.100 0.514 8.798 3.448 6.910 4.541

GERMANY 0.350 4.541 63.766 0.789 4.000 4.873 2.426
UK 0.772 4.121 0.650 44.805 8.387 9.910 3.973

FRANCE 0.059 0.991 2.109 10.073 52.945 28.453 6.947
ITALY 0.245 0.246 2.624 8.764 32.092 45.733 7.329

TO 1.500 1.672 1.372 4.829 8.039 8.484 25.898

Note: Freq S: the spillover at “Freq S” roughly corresponds to 1 to 5 days; Freq M: the spillover at “Freq M” roughly
corresponds to 6 to 21 days; Freq L: the spillover at “Freq L” roughly corresponds to 22 to infinite days.

As displayed in Figure 4a,b, we find some characteristics from the dynamics of the total return
spillover and the frequency decomposition of North America and Europe. In both North America and
Europe, the total return spillover occurs in the short-term. Moreover, two dynamic return spillover
figures have a similar trend. In Europe, the total spillover of the DY12 model for the return series varies
between 20% and 45%, which is wider than that in North America (between 10% and 30%). From 2009
to mid–2013, whether in North America or Europe, the total return spillover retains high stability,
which may be a consequence of the effect of the 2008 global financial crisis or the 2010 European
sovereign debt crisis. The total return spillover in both North America and Europe began to increase
steadily until around 2017, which could be influenced by the 2014 international crude oil crisis.
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Figure 4. (a) The total return spillover of DY12 andBK18 in North America (Windows 500). (b) The
total return spillover of DY12 and BK18 in Europe (Windows 500). Note: The yellow line indicates the
total spillover index of the DY12 model; the red line indicates the total spillover index at “Freq S” of the
BK18 model; the green line indicates the total spillover index at “Freq M” of the BK18 model; the blue
line indicates the total spillover index at “Freq L” of the BK18 model. The vertical axis variable unit is
in percentages.

As seen in Figure 5a,b, which shows the dynamics of total volatility spillover and frequency
decomposition for North America and Europe, the total spillover fluctuates more than the total return
spillover. Moreover, the total volatility spillover reacts more violently to extreme events than that of
the returns. In contrast with the total return spillover, the total volatility spillover develops over the
long-term. This means that the total volatility spillover is more sensitive to shocks and extreme events;
unlike the total return spillover, whether in North America or Europe, the total volatility spillover of
DY12 shifts between 0% and 60%. From 2009 to mid-2013, whether in North America or Europe, the
total volatility spillover retained its stability, which may be a consequence of the 2008 global financial
crisis and the 2009 European sovereign debt crisis. In North America, we identified some sudden
fluctuations, such as a sharp increase in 2015 and 2016, an increasing trend from 2017 to 2018, and
a sudden rise in 2019. These fluctuations may have been influenced by the 2014 international crude
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oil crisis, the 2016 Organization of the Petroleum Exporting Countries announcement to cut supplies
at the end of 2017, the 2017 summer Hurricane Irma, and the 2019 trade war between China and the
US. However, in Europe, we see almost the same fluctuations from mid-2013 to 2016; around 2015
to mid-2016, there are two sudden fluctuations that may be a result of some extreme events, such as
the 2014 international crude oil crisis and the 2016 Brexit event. We also investigated the dynamics of
the total return and volatility spillover in different windows and the pairwise directional return and
volatility spillover in two regions. The results are given in Appendix A.
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Figure 5. (a) The total volatility spillover of DY12 and BK18 in North America (Windows 500). (b) The
total volatility spillover of DY12 and BK18 in Europe (Windows 500). Note: The yellow line indicates
the total spillover index of the DY12 model; the red line indicates the total spillover index at “Freq S” of
the BK18 model; the green line indicates the total spillover index at “Freq M” of the BK18 model; the
blue line indicates the total spillover index at “Freq L” of the BK18 model. The vertical axis variable
unit is in percentages.
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6. Concluding Remarks

Our paper discusses the return and volatility spillover across the natural gas market, crude oil
market, and stock market from 4 August 2009 to 16 August 2019 to assess the information transmission
and risk transmission among the three markets by employing a new method for time–frequency
developed by Diebold and Yilmaz [1] and Barunik and Krehlik [2]. It is crucial to investigate the
spillover effects not only for investors to adjust their investment programs but also for government
authorities to make proper economic decisions. The contributions of our paper to the literature are
as follows.

First, in time domain, the total return and volatility spillover in Europe are stronger than in North
America. Moreover, whether in North America or in Europe, the spillover table reveals that crude oil,
rather than natural gas, has the greatest effect on electricity utility stock markets. In North America,
Canada not only receives a larger return spillover effect from the two energy futures (0.318% from
natural gas, 11.8% from crude oil) compared with the US but also transmits a greater effect on the two
energy futures. Regarding volatility spillover, Canada still has the largest spillover effect on the other
two energy futures and receives the largest volatility effect from natural gas. However, the US receives
the largest volatility spillover effect from crude oil (6.771%). In Europe, the UK receives the greatest
return spillover effect from the two energy futures (0.757% from natural gas and 3.889% from crude oil)
compared with the other three countries. The UK transmits the largest effect on natural gas (1.249%),
but France transmits the largest effect on crude oil (6.353%) in the time domain, which is different than
the situation in North America. Regarding volatility spillover, the UK receives the largest effect from
natural gas (0.785%), and Germany receives the largest from crude oil (4.56%). However, FTSE350
(the UK) transmits the largest effect on crude oil (8.843%), and Germany transmits the largest effect on
natural gas (2.374%) compared to the other countries.

Second, in terms of frequency, our results show that the short-term has the largest effect on return
spillover; however, the long-term has the largest effect on volatility spillover in both North America
and Europe. These results imply that the return shocks from any market transmitted to another market
will not exceed one week, whereas the results of volatility spillovers imply that volatility shocks have
a long-lasting effect. This conclusion is consistent with the results of Barunik and Krehlik [2] and
Tiwari et al. [34].

Third, in terms of return spillover transmission, all markets respond to return shocks immediately.
The total return spillover effect in the short-term was the greatest. In this case, it is difficult to determine
the impact of a particular market on another market. Unlike return spillover transmissions, the total
volatility spillover effect in the long-term was the greatest. Policymakers have sufficient time to prevent
the impact of extreme volatility shocks on other markets. In addition, based on a summary of the
results above, the volatility of natural gas is less than that of oil, which suggests that compared with
oil, natural gas investors may have a greater opportunity to make a profit.

Forth, some interesting results are displayed in the rolling analyses. For example, because of the
subsequent effect of the 2008 global financial crisis and the 2010 European sovereign debt crisis, the
return and volatility spillover in both North America and Europe maintained a high level. Due to
the later 2014 international oil crisis, both North America and Europe fluctuated fiercely around 2015.
Around mid-2016, the Brexit event made the volatility spillover in Europe increase suddenly.
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Figure A2. Pairwise directional return spillover of DY12 and BK18 in Europe. Notes: GERMANY from
NBP indicates the return spillover from natural gas to Germany; UK from NBP indicates the return
spillover from natural gas to the UK; FRANCE from NBP indicates the return spillover from natural
gas to France; ITALY from NBP indicates the return spillover from natural gas to Italy; GERMANY
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return spillover from crude oil to the UK; FRANCE from BRENT indicates the return spillover from
crude oil to France; ITALY from BRENT indicates the return spillover from crude oil to Italy.
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