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Abstract: The green economy is aimed at decreasing the dependence of the global economy on
traditional fossil energy, thereby resolving conflicts between economic development and environ-
mental issues and achieving sustainable economic development. Thus, the relation between the
green economy and traditional energy markets is of great importance for both policymakers and
portfolio managers. In this study, we investigate the dynamic spillover effects between the green
economy and traditional energy markets by applying time and frequency spillover measures based
on the TVP-VAR model. The results reveal a strong spillover relationship between the green economy
and traditional energy system, and the spillover direction is mainly from green economy markets to
traditional energy markets. Our analysis further reveals the heterogeneity of these spillover effects,
both within green economy markets and between these markets and traditional energy markets. The
performance of the U.S. green economy market is similar to that of Europe, whereas the Asian green
economy market is more complex. The frequency domain results demonstrate that the spillover
effects are mainly dominated by short-term (1-5 days) components, whereas medium- and long-term
components have less of an effect. In addition, we find a sharp increase in the level of spillover effects
during the COVID-19 pandemic.

Keywords: green economy; traditional energy; TVP-VAR; time and frequency spillover approach

1. Introduction

In response to the challenges posed by climate change, the green economy has devel-
oped rapidly and attracted extensive academic attention. Global economic development is
inseparable from the increasing use of traditional fossil fuels, which leads to rapid increases
in global warming, pollution and extreme weather events. To address the conflicts between
economic development and environmental degradation, the green economy has been pro-
posed as a sustainable economic development path (Ali et al., 2021) [1]. At the United
Nations Conference on Sustainable Development in 2012, it was stated that the core of the
green economy is to achieve green development, which involves the coordinated develop-
ment of ecology and economy and the aim of eradicating poverty. The concept is based
on a low-carbon economy model that is aimed at simultaneously achieving low energy
consumption, pollution and emissions reduction, and economic development (Jin, 2012) [2].
The green economy has been widely applied, and 137 countries worldwide have committed
to achieving carbon neutrality targets by around 2050. For example, China is striving to
achieve carbon peaking by 2030 and carbon neutrality by 2060.

Despite the rapid development of the green economy over the last decade, the pro-
portion of traditional fossil fuels in the global energy mix has remained high, at around
80% (IEA, 2022) [3]. Global crude oil prices have also been volatile since mid-2008. Thus, a
strong risk of spillover between the two sectors is likely. On the one hand, increasing oil
prices may drive investors and consumers to use cheaper substitutes, which can encourage
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the use of clean energy and increase green economic activities. On the other hand, tradi-
tional fossil fuels, such as oil and gas, also have a significant influence on global financial
markets and, therefore, the global economy. Factors such as the Russia-Ukraine conflict
and the pandemic have led global oil and gas prices to become highly volatile, which has
had a negative shock on industrial production and household consumption. Thus, both
global economic activities and the green economy have been affected.

In this study, we investigate the dynamic links between the green economy and tradi-
tional energy markets. We apply the NASDAQ OMX Green Economy Index, a common mea-
sure of green economy activities (Ren et al., 2022; Urom et al., 2022; Sharma et al., 2022) [4-6].
The stock market is typically viewed as a barometer of the economy, and price fluctuations
of “green” stocks can reflect the degree of green economic activity (Ding et al., 2022) [7].
Regional differences in global green economy markets may also significantly influence any
spillover effects, so we further investigate this issue at a regional level. We examine the
green economies of the U.S., Europe and Asia to assess the risk contagion effects within
these green markets and between them and traditional energy markets. We obtain data
from the NASDAQ OMX Green Economy US Index, NASDAQ OMX Green Economy
Europe USD Index and the NASDAQ OMX Green Economy Asia USD Index.

We explore the dynamic frequency spillovers in the COVID-19 pandemic period, due
to its significant impact on global economic markets. Hosseini (2020) [8] argued that the
COVID-19 pandemic had a significant negative impact on renewable energy facilities,
supply chains and businesses, thus slowing the pace of global green development. This
negative impact can be observed in three areas: a sharp decrease in investment in renewable
energy projects (Hoang et al., 2021) [9], delays in equipment delivery for energy projects
(Eroglu, 2021) [10], and a reduced public demand for renewable energy at the source
(Bhuiyan et al., 2021) [11].

We use time domain and frequency domain spillover indices based on the TVP-VAR
model. To measure linkages in different assets or markets, various models have been
proposed, such as VAR, GARCH and Copulas. Among them, the VAR-based spillover
method proposed by Diebold and Yilmaz (2012) [12] (DY spillover) is widely used to study
complicated correlations among different asset markets. Korobilis and Yilmaz (2018) [13]
improved this DY approach by developing a dynamic spillover index method based on
the time-varying parameter VAR (TVP-VAR) model. The TVP-VAR model has certain
advantages over the original VAR-based DY model. First, it overcomes the arbitrary set
of window sizes, which leads to very erratic or flattened parameters. Second, valuable
observations are not lost when estimating the model’s time-varying parameters. Third,
the model is not sensitive to outliers. It can also compare and analyze the interaction
relationship between variables and the internal reasons when different policy factors
impact at different periods. For example, Antonakakis (2019) [14] studied the spillover
effects of international monetary policies based on the TVP-VAR model and found that the
spillover effects were heterogeneous in different periods.

However, investors’ risk appetites are different, e.g., speculators prefer to invest in
the short term, but institutional investors invest in the long term. The DY framework fails
to capture the time investment horizon, as it focuses on the time domain only. Barunik
and Krehlik (2018) [15] further extended the DY model into the frequency domain by
applying the spectral decomposition of Stiassny (1996) [16]. This overcomes the limitation
of DY spillover by decomposing the aggregate spillovers in the time domain into different
frequencies, thus enabling the frequencies that are most important to the connectedness
of a system to be identified. The time—frequency spillover index of Barunik and Krehlik
(2018) [15] (BK spillover) enables the magnitude and direction of spillovers across frequen-
cies to be evaluated. In addition, some of the literature has used a wavelet-based framework
to examine relationships in the frequency domain. For example, Reboredo et al. (2017) [17]
applied discrete and continuous wavelets to measure the relationship between renewable
energy and crude oil. The closest work to ours is that of Bouoiyour et al. (2023) [18],
who used a wavelet-based methodology from 2010 to 2022 to investigate the relationship
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between crude oil and several renewable energy stock sector indices in the time—frequency
domain. The wavelet-based framework may concentrate on investigating the connected-
ness of pairwise variables, such as the WTT-wind and WTI-solar pairs. By employing
the BK framework, we can examine the total spillover of the “green economy-traditional
energy” system, the individual spillover of each market and the pairwise spillover between
markets at different time scales. Then, we can not only see the role of an individual market
in the whole system but also the interactive role within green economy markets.

Our study makes four main contributions to the literature. First, we extend the aca-
demic literature on the relationship between traditional energy and stock markets from a
green economy perspective. The spillover effects between green energy (Li et al., 2023) [19]
or renewable/clean energy stocks (Saeed et al., 2020; Saeed et al., 2021; Xi et al., 2022;
Ferrer et al., 2018; Bouoiyour et al., 2023) [18,20-23] and traditional energy markets have
been examined, but limited research into the relationship between green economic activity
and traditional energy markets has been conducted. One exception is a recent study con-
cerning the hedging effects of green economy stocks on gas futures (Chen et al., 2023) [24].
We address this gap by using the NASDAQ OMX Green Economy Index as a proxy for
the level of green economic activity and investigating spillovers in a “green economy—
traditional energy” system. Second, we complete the current literature related to environ-
mental economics and energy economics by providing evidence of regional heterogeneity.
Many current studies focus on a single regional market (Li et al., 2023) [18] or a single
traditional energy market (e.g., Chen et al. (2023) [24] only investigated the effects of global
green economy stocks on the gas market), which may ignore regional differences and
market heterogeneity. We not only consider the regional differences among U.S., Euro-
pean and Asian green economy markets, but we also take both traditional energy markets
into account. Third, we use a combination of time and frequency domain tests, which
enable us to demonstrate dynamic spillovers in the long, medium and short terms. As
Strohsal et al. (2019) [25] noted, the time domain cannot sufficiently capture all the infor-
mation, as some important relations only occur with a specific frequency. We apply both
the time domain method (DY spillover) and frequency domain approach (BK spillover) to
explore the dynamic correlations between green economy markets and traditional energy
markets in the long, medium and short terms. This can help short-term and long-term
investors acquire accurate information so that they can manage their portfolios appropri-
ately. Last, we provide new evidence of the influence of an extreme shock, such as the
COVID-19 pandemic, on spillovers among markets. Other studies (Saeed et al., 2021 [21]
and references therein) observed asymmetric behavior in the return connectedness of en-
ergy investments. Our findings further confirm the significant effect of an extreme shock on
the relationships between energy markets and economic conditions, thus helping investors
assess and compare portfolio choices in periods of crisis.

Our key empirical results can be summarized as follows. First, we find a strong
spillover relationship between green economy markets and traditional energy markets, and
the direction is mainly from green economy markets to traditional energy markets. This
suggests that crude oil is not the main driving force of green economy markets, which is
consistent with the findings of Ferrer et al. (2018) [23], who found that crude oil prices are
not a key driver of the stock market performance of renewable energy companies in the
short or long term. Our study further reveals that price interactions in the whole system
are regionally heterogeneous. For example, the U.S. and European green economy markets
perform similarly, but the Asian green economy market is more complex. In addition, the
spillover results show that the global and U.S. green economy markets are net contributors,
whereas the other markets are net receivers (Urom et al., 2021; Gunay et al., 2022) [26,27],
except for the crude oil market, which switches between being a net receiver of and a con-
tributor to spillover, depending on the frequency band. Second, we find that the proportion
of spillovers in the medium and long term is lower than that in the short term (1-5 days).
Short-term spillovers are likely generated by investors’ irrational behavior, such as the herd-
ing effect and convergence effect. The dominant role of short-term spillover is also found
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in the connectedness between the oil and clean energy markets (Naeem et al., 2020) [28].
Finally, the total spillover is time-varying and increases dramatically during the COVID-19
pandemic, which suggests that the connectedness between traditional energy and green
economy markets is sensitive to extreme events (Urom et al., 2021) [26]. The time-varying
features and sensitivity to extreme events are similar to those of the connectedness between
the oil and clean energy markets (Naeem et al., 2020; Foglia and Eliana, 2020) [28,29].

The remainder of this paper proceeds as follows. In the Section 2, we introduce the
used model, and we describe the data and the statistics in the Section 3. The Section 4
provides an analysis of the empirical results, and the Section 5 concludes the paper.

2. Empirical Methodology

We use the DY and BK spillover indices to construct spillover networks in the time
and frequency domains, respectively. The DY method is based on the notion of forecast
error variance decomposition within the VAR framework, and it assesses the magnitude
and direction of connectedness in the time domain. The BK model considers variations in
investors’ anticipation and risk appetites and extends the DY method by decomposing the
spillovers into different frequencies, which enables the estimation of the spillover effects at
frequencies that represent short, intermediate and long horizons.

Both of these spillover indices are based on the VAR model, but this is sensitive
to outliers and may lead to sample information loss. We therefore construct a DY and
BK spillover index based on the forecast error variance decomposition within the TVP-
VAR framework to investigate dynamic spillovers between green economy markets and
traditional energy markets.

2.1. Time-Varying Parameter Vector Auto-Regression (TVP-VAR)

We apply the TVP-VAR model proposed by Antonakakis et al. (2018) [30], which
avoids issues of the loss of sample information and sensitivity to outliers caused by setting
a rolling window in the constant parameter rolling window VAR model. The TVP-VAR(p)
model can be written as

Yy = BiZi—1 +en,e|Q_1 ~ N(0,)_,) M

Bt = Bi—1+ v, 0|1 ~ N(O,Ry) )

where Y; = (Y4, Yor, - -+, Yne) isan N x 1 dimensional vector, Z;_1 = (Yt—1/ Yio, -, Yt,p)/
is an N, x 1 dimensional vector, By = (B1s, Bot, - -+, Ppt) is an N x N, matrix of dimen-
sional time-varying coefficients that follows a random walk model, ¢; is an N dimensional
perturbation vector, and ();_ represents all available information at ¢ — 1 time.

To calculate the generalized forecast error variance decomposition (GFEVD), we
transform the model in Equation (1) into a vector moving average (VMA) to represent

Yi =) Ope 3)
i=0

where O;; is an N X N dimensional coefficient matrix.

2.2. DY Spillover Index

Based on the method proposed by Diebold and Yilmaz (2012) [12], to construct the DY
spillover index in the time domain, first, we apply the H-step-ahead GFEVD G}Z forecasting
variable j due to shocks to variable k, namely

H=1 2
O ZO (€j®hzek)
H _ =
Gfk ~ H-1 , . )
hgo (3]‘®hz@h3]’)
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where j,k =1,2,---,N, X denotes the covariance matrix of the error vector ¢, oy is the
standard deviation of ¢; for the kth equation, and ¢, denotes the selection vector with the
kth element being 1 and the remaining elements being 0.

The covariance decomposition matrix D! ik constructed from element 0/ ik can be ex-

pressed as
611 612 2N
61 On -+ Oon
D]k - : : . : ®)
N1 On2 -0 Onn
QH

ik is then normalized such that the sum of the elements in each row of the variance
decomposition matrix is 1:

3 k
O =+ (6)

w1thze =1, z eH_
k=1 jk=1

From this, the total spillover index TOTAL! can be constructed to represent the
intensity of shocks spilling over between different markets:

N
O ];SlgH
ToTALY = 2 100 = 2 100 @)
> off
k=17

Next, the total spillover index is decomposed, and then the spillover index FROM?! e
which measures the total spillover received by variable j from all other variables k, can be

expressed as
N

nH
kzl g]ek Z ]ek
H k#j
FROM[L, = ——— 100 = -100 8)
oH
jkzl 9](—’(

Similarly, the spillover index TOE. j from the output of variable j to all other variables
kis

Z BkE] Z gke]
H k#] k#l
TO! ; = S 100 = - 100 )
]12:1 9k<—]

Combining Equations (6) and (7), the net spillover index NE T]H of variable j to all
other variables k can be defined as

NET!! = TO], ; — FROM! (10)

o(—] IAmid

2.3. BK Spillover Index

We further use the generalized decomposition spectrum defined by Barunik and
Krehlik (2018) [15] to construct the BK spillover index in the frequency domain. First, based
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on the frequency response function @(e’i‘*’) = Y e M@, the spectral density Sx(w) of

h
X; at frequency w can be defined as
Sx(w) = ¥ E(XiX[_)e " = 0(e) Yo/ () (11)
h=—o00

where ©(¢~¢) is obtained by performing the Fourier transform of @, i = v/—1. Sx(w)
is the parameter that describes the specific distribution of the variance of X; over the
frequency w, which is the key parameter for understanding the frequency dynamics.

The generalized causal spectrum can be defined as:

, 2
_ e ),
(f(w))jk = (@ (e ) Z®/(6+i(]47>) )

7

(12)

where (f(w));; denotes the fraction of the spectrum of variable j at a given frequency w
that is caused by the shock of variable k. Because the denominator of the above equation is
the spectrum of variable j at a given frequency w, (f(w));, can be interpreted as a causal
relationship within frequencies.

The following further introduces the frequency share of the jth variable as a
weighting function:

Ti(w) = (O ™) £ (7)),
P ST (O ) £ (etih)) dA

(13)

[j(w) denotes the power of variable j at a given frequency. Then, the generalized
variance decomposition over the frequency band d is defined as

6 = o [ @) (@) e a9

whered = (a,b),a,b € (—m,7),a < band under H — oo, 0% = o Fj(w)(f(w))jkdw

and 9}2 are equal in the time domain. Gfk can be further normalized as

d
ij

] %ij

5}1]( measures the level of spillover from variable k to variable j on the frequency band

d. The total spillover index TOTAL? on frequency band d is

N
L 0
k,j=1k#j

TOTAL? =
© N

100 (16)

The spillover index F ROM]”-Q_. received by variable j from all other variables k can be
expressed as

o
g k=i S
FROMY. . = =7 100 (17)

J<e



Systems 2023, 11, 153

7 of 23

Similarly, the spillover index TO? o of variable j to all other variables k can be ex-
pressed as

.
o k=1krj

=100 (18)

The net spillover index NE Tjd of variable j to all other variables k is then equal to

d _ mod d
NET} = TO,_; — FROMj_, (19)
3. Data and Summary Statistics

3.1. Sample and Data

The NASDAQ OMX Green Economy Index Family includes companies involved in
advanced materials, clean fuels, energy efficiency, renewable energy generation, healthy
living and green buildings. It tracks the stock price performance of these companies across
industries associated with the sustainable economic model in every sector. We select the
NASDAQ OMX Green Economy Index (QGREEN), NASDAQ OMX Green Economy US
Index (GRNUS), NASDAQ OMX Green Economy Europe USD Index (GRNEUR) and
NASDAQ OMX Green Economy Asia USD Index (GRNASIA), as these reflect the degree of
green economy development in the global, U.S., European and Asian regions, respectively.
Crude oil and natural gas are two important components of traditional energy, and the West
Texas Intermediate (WTI) and natural gas (GAS) futures prices represent the benchmarks
for crude oil and natural gas markets, respectively. We therefore select the WTI and GAS
futures prices as proxy variables for traditional energy markets. The sample period is from
4 January 2012 to 12 April 2022, and the sample consists of 14,340 daily observations. This
covers several turbulent periods and crises, including the 2014 sharp drop in oil prices and
the COVID-19 pandemic. The NASDAQ Green Economy Index data are obtained from the
Quandl database, and the crude oil and natural gas data are obtained from the U.S. Energy
Information Administration (EIA).

Figure 1 plots the time-varying price fluctuations of both green economy markets
and traditional energy markets. A clear upward trend is observed for QGREEN, GRNUS
and GRNEUR during the sample period, except around the outbreak of COVID-19 in
January of 2020. The three variables follow a very similar increasing trend during the
sample period and suffer a drop in early 2020, except for GRNEUR, which demonstrates
frequent fluctuations in price. The fluctuations in GRNASIA are the most dramatic and
frequent among the national markets, reflecting the complexity and volatility of the Asian
green economy market. Its average price is also lower than those of GRNUS and GRNEUR,
suggesting that the Asian market is still in the initial stage of development. Most Asian
countries in the green economy market are developing, so it presents them with both
a challenge and an opportunity. Green economy and traditional energy markets fell
significantly due to the impact of the COVID-19 pandemic in 2020, so we specifically
analyze the spillover effects of the COVID-19 pandemic and discuss this in later sections of
the paper.

3.2. Descriptive Statistics

Table 1 reports the descriptive statistics on the log returns. We observe that crude oil
has a negative mean return, and all the other variables have positive mean returns. The
green economy index of the U.S. has the largest mean value. In terms of the level of risk as
measured by the standard deviation, traditional energy markets (crude oil and natural gas)
appear to be riskier than green economy markets are, due to their complex risk attributes
and strategic positions. We also observe negative skewness for all the return series except
natural gas. The kurtosis values of the green economy and traditional energy indices are
much greater than three, indicating a leptokurtic distribution with fat tails. The Jarque—Bera
test reveals that the normality hypothesis is rejected for all series at the 1% significance
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level, indicating that the log returns of all variables do not obey a normal distribution.
The ADF tests results indicate that all series are stationary and can be examined using the
TVP-VAR model.

QGREEN GRNUS
3500 i |3000]
3000 4000
2500
3000
2000
1500 2000
1000 100
2014 2016 2018 2020 2022 2014 2016 2018 2020 2022
GRNEUR GRASIA
3000 1600]
2500 1400|
2000 1200
1000|
1500)
800|
1000|
2014 2016 2018 2020 2022 2014 2016 2018 2020 2022
WTI GAS
8
120 7
100 6
80) 5
60 4
40 3
2
20
1
2014 2016 2018 2020 2022 2014 2016 2018 2020 2022

Figure 1. Price trend of the green economy and traditional energy markets. Note: The graphs in this
figure show the evolution of the 4 green economy markets and 2 traditional energy markets considered
over the sample period from 4 January 2012 to 12 April 2022 (a total of 14,340 daily observations).
QGREEN, GRNUS, GRNEUR and GRNASIA, respectively, denote the degree of development of the
green economy in the global, U.S., European and Asian regions. In turn, WTI and GAS are the crude
oil and natural gas futures contracts, respectively.

Table 1. Descriptive statistics.

QGREEN GRNUS GRNEUR GRASIA WTI GAS

Mean 0.0498 0.0653 0.0412 0.0197 —0.0011 0.0322
Median 0.1035 0.1236 0.1069 0.0501 0.1074 0.0000
Maximum 7.8529 8.6262 6.3283 8.4938 31.9634 38.1727

Minimum —11.3357 —10.1756 —14.8709 —10.0905 —60.2675 —30.0480
Std. Deviation 1.0191 1.1514 1.1452 1.1125 3.0973 3.3470
Skewness —0.8060 —0.3911 —1.8066 —0.3934 —3.0606 0.4983
Kurtosis 15.1736 11.7638 22.1366 11.0145 80.8018 15.1663

JB 15,010 *** 7,706.1 *** 37,753 *** 6,455.4 *** 606,267 *** 14,833 ***

ADF —30.8465 *** —31.7342 *** —32.0431 *** —32.9478 *** —37.4365 *** —37.0858 ***

Note: This table presents the summary statistics and unit root tests of the daily series over the period from
4 January 2012 to 12 April 2022. QGREEN, GRNUS, GRNEUR and GRNASIA, respectively, denote the degree of
development of the green economy in the global, U.S., European and Asian regions. In turn, WTI and GAS are the
crude oil and natural gas futures contracts, respectively. JB refers to the Jarque—Bera test statistics for normality.
ADF is the statistics of the ADF (Augmented Dickey-Fuller) unit root test. Log difference returns are used for all
variables. *** indicates statistical significance at the 1% level.

4. Empirical Analysis

In this section, we first analyze the return spillover effects in the time domain based
on the DY spillover index. We then investigate the return spillover effects in the frequency
domain based on the BK spillover index. Finally, we examine the return spillovers under
the COVID-19 pandemic in both the time and frequency domains.
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4.1. DY Spillover Analysis
4.1.1. Static Analysis

Table 2 shows that approximately 42.57% of the forecast error variations can be ex-
plained by the spillovers between the total regional green markets and traditional energy
markets. This indicates that the spillovers in the system composed of green economy mar-
kets and traditional energy markets are significant over the sample period. The significantly
positive “NET” values for the global and the U.S. green economy markets indicate that
the two markets are net exporters of shocks, whereas the other markets are net recipients
of systemic shocks. The spillover effect between the U.S. and Europe green economy
markets is greater than those between the U.S. and Asia or Europe and Asia. The global
green economy market has the largest effect on other markets. For example, it contributes
34.55% of the U.S., 29.46% of the European and 18.89% of the Asian green economy market
spillover. The contribution values of the U.S., European and Asian green economy markets
to the global green economy market are correspondingly larger than those of the crude oil
and natural gas markets to the global green economy market. Therefore, the results show
heterogeneity in the price interactions within green economy markets.

Table 2. Full sample static spillover results based on the time domain.

QGREEN GRNUS GRNEUR GRASIA WTI GAS FROM
QGREEN 34.16 30.64 23.03 8.76 3 0.41 65.84
GRNUS 34.55 39.87 15.78 6.38 29 0.53 60.13
GRNEUR 29.46 18.44 41.18 7.83 2.76 0.33 58.82
GRASIA 18.89 14.11 13.08 51.29 1.88 0.75 48.71
WTI 541 494 4.03 1.47 82.74 1.41 17.26
GAS 0.79 1.04 0.53 0.59 1.74 95.31 4.69
TO 89.1 69.17 56.44 25.03 12.28 3.43 255.44
NET 23.26 9.04 —2.38 —23.68 —4.98 —-1.26 42.57

Note: This table presents the return spillover results among 4 green economy markets and 2 traditional energy
markets under study computed using the approach of Diebold and Yilmaz (2012) [12] during the entire period
from 4 January 2012 to 12 April 2022. The ij-th element in the 6 x 6 (from QGREEN to GAS) sub-matrix shows the
ij-th pairwise directional spillover [see Equation (6)], representing the forecast error variance of market i to shocks
from market j. “FROM”, “TO” and “NET” represent the from- spillover, to- spillover, and net- spillover of market
i, as shown in Equations (8)—(10), respectively.

However, our main focus is on the spillovers between green economy markets and tra-
ditional energy markets. The shocks originating from some green economy markets appear
to bring more variations to traditional energy markets than others do. The global green
economy market transmits the most spillovers to the crude oil market (5.41%), followed by
the U.S. green economy market (4.94%) and the European green economy market (4.03%).
Similarly, the global and U.S. green economy markets also significantly contribute to the
natural gas market, accounting for 1.04% and 0.79%, respectively. Traditional energy mar-
kets absorb small shocks from the Asian green economy market. In terms of comparisons
between the crude oil and natural gas markets, the crude oil market experiences a greater
spillover from green economies than the natural gas market does.

The impact of traditional energy markets on green economy markets also shows
regional heterogeneity. The levels of spillover from the crude oil market to the global green
economy market (3%), that of the U.S. (2.9%) and that of Europe (2.76%) are larger than
those to the Asian green market (1.88%). The spillover index of the global green economy
market to the natural gas market is lower than that to the crude oil market. Interestingly,
for the whole sample, the spillover from natural gas to the Asian green economy market
(0.75%) is greater than the reverse spillover effect (0.59%) and thus differs from the spillover
of other regional green economy markets to traditional energy markets. Green economy
markets therefore appear to have a closer interaction with crude oil than they do with
natural gas.
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The static spillover results show that the green economies have a greater impact on
traditional energy markets of crude oil and natural gas than the reverse effect. This indicates
that the transmission path of “green economy-demand-traditional energy” is greater and
more stable than the reverse path. The development of the green economy is supported
by national policies, and the drive to implement them is relatively strong. Therefore, its
effects on the crude oil and natural gas markets are greater than the reverse effects. The
green economy is also in its initial stage of development and is therefore less mature
than the crude oil and natural gas markets. However, all these markets are vulnerable to
the effects of market noise through policy regulation, development planning and other
financial markets. Thus, crude oil may not be the main driver of the development of the
green economy, but the rapid development of the green economy may have a major effect
on crude oil and natural gas prices.

4.1.2. Dynamic Spillover Analysis

We conduct a full-sample analysis to measure the average return spillover between
green economy markets and traditional energy markets during the sample observation
period. However, major events may lead the actual spillover effect to fluctuate, so we use the
rolling window to investigate variations in these effects over time. Figure 2 illustrates the
trend of the total spillover level in the time domain. We find that the spillover level among
markets varies from 34.41% to 59.10%, and the spillover effect increases significantly with
the influence of major contingencies. We identify five peaks in the spillover effect, which
correspond to June 2012, August 2015, February 2018, January 2020 and January 2022.

100

Event 1 Event 2 Event 4 Event 5 Event 6

80
Event 3

60

2014 2016 2018 2020 2022

Figure 2. Dynamic “TOTAL” spillover based on the time domain. Note: This figure shows the
time-varying behavior of the total return spillover index among 4 green economy markets and
2 traditional energy markets under study computed using the approach of Diebold and Yilmaz
(2012) [12] and important events over time. “TOTAL” represents the total- spillover of the “green
economy-traditional energy” system, as shown in Equation (7). Timetable for important events:
(1) Event 1: European sovereign debt crisis, crude oil supply and demand imbalance (June 2012);
(2) Event 2: Global stock market crash (24 August 2015); (3) Event 3: Global crude oil oversupply
with uncertain demand outlook and oil price slump (24 August 2015); (4) Event 4: U.S. stocks plunge
(5 February 2018); (5) Event 5: Outbreak of the COVID-19 pandemic; WHO classified the COVID-
19 pandemic’s outbreak as a public health emergency of international concern (30 January 2020);
(6) Event 6: The deteriorating situation in Russia and Ukraine and the disruption of crude oil and
natural gas supply (January—February 2022).

The slowdown in the economic development of emerging countries and the sovereign
debt crisis of certain European countries in 2012 led to a broad contraction in crude oil
market demand. However, the supply of crude oil from the U.S. and OPEC member
countries continued to increase. The resulting imbalance between supply and demand
drove oil prices down, with the total premium index gradually climbing to a maximum of
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49.20% and then returning to the previous level as oil prices bottomed out. The premium
level was then relatively stable at around 40% for a long period. On 24 August 2015, the
world suffered a major stock market crash referred to as “Black Monday,” in which stocks
plunged, including those in the green economy sector. Oil prices also fell hard, as they
were affected by the U.S. oil glut and the geopolitical crisis, and the WTI oil price on Black
Monday fell to a record low of 38.24. The total spillover level also increased from 40.23% to
45.36% and remained at a high level for a long period, peaking at 50.90%. On 5 February
2018, U.S. stocks plummeted, with the Dow posting its biggest one-day drop in its history.
The exchange rates of many currencies dove in response, and companies in the U.S. green
industry were then affected, with the total spillover index rising to a high of 49.90%. In
January 2020, COVID-19 quickly spread globally, resulting in economies suffering heavy
losses worldwide, with risks being passed across markets. The total spillover index soared
to 59.10%. However, the impact of the pandemic was relatively short-lived and began
to fall back after the outbreak was under control. Until January 2022, a complex set of
international events (the deteriorating situation in Russia and Ukraine; the disruption of
oil production in Libya; the volatile situation in Kazakhstan; the attack on the Middle East
oil producer, the United Arab Emirates; and the disruption of the Iraqi pipeline) pushed
up international crude oil prices and, subsequently, natural gas prices. The total spillover
index increased at this time but to a much lesser extent than it did at the beginning of
the outbreak.

The results of our examination of the directional spillover index of each market to all
the other markets (corresponding to the “TO” row in Table 2) are shown in Figure 3. The
combined spillovers of the global, U.S. and the European green economy markets to all
other markets is relatively large compared to that of the Asian green economy market. The
spillover index of this market only reached 50% by March 2020, whereas those of the global,
U.S. and the European green economy markets peaked at 99.34%, 97.46% and 82.62%,
respectively. The crude oil and natural gas markets have lower levels of external spillover
than the green economy markets do, with a spike in early 2020 due to the COVID-19
pandemic. Fluctuations in the crude oil market’s spillover index were related to the events
that caused oil price fluctuations.

Figure 4 shows the time-varying results regarding the spillover that each market
receives from all the other markets (corresponding to the “FROM” column in Table 2). The
global green economy market receives an even level of spillovers from the other markets,
and so do the U.S. and the European green economy markets. Spillovers into the Asian
green economy market and the crude oil and natural gas markets have relatively large
fluctuations. A difference of up to 53.97% between the maximum and minimum spillovers
received by the crude oil market is observed. Figures 3 and 4 clearly indicate that the global,
U.S. and European green economies perform similarly, whereas the Asian green economy’s
performance is more complex. The U.S., as the world’s largest economy, has the highest
level of development and global influence, and thus its stock market fluctuations reflect the
global stock market dynamics, which represents the weathervane of the global economy.
Europe is the pioneer and main promoter of green economic transformation, and green
activities in Europe have had a solid public opinion base and legal protection for many
years. The U.S. and Europe are the two major developed regional representatives of the
green economy and have a similar level of green development, thus reflecting most of the
global green economy. Thus, the green economies of the U.S. and Europe should be similar
to the overall performance of the global green economy. However, in comparison, the
development of the Asian green economy has not yet stabilized. Asia is a region dominated
by developing countries, so its capital markets vary in terms of both opportunities and
challenges. Asian countries also differ greatly in their levels of financial marketization, so
they are more vulnerable to shocks from other financial markets. Many investors may only
have a weak grasp of the concept of the green economy, and its implementation started
relatively recently in most Asian countries. National emission reduction targets, the extent
of green technology implementation, and financial support also vary greatly. Thus, the



Systems 2023, 11, 153

12 of 23

development of the Asian green economy lags behind that of Europe and the U.S., and its
complex nature is reflected in its relationship with traditional energy markets. However,
the Asian economy has expanded in recent years, and the market is more active, thus
providing a broader space for green economic development.
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Figure 3. Dynamic “TO” directional spillover based on the time domain. Note: This figure displays
the time-varying behavior of the “TO” directional return spillover index among 4 green economy
markets and 2 traditional energy markets under study computed using the approach of Diebold and
Yilmaz (2012) [12]. “TO” represents the directional return spillovers transmitted by the corresponding
market to all other markets, as shown in Equation (9).
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Figure 4. Dynamic “FROM” directional spillover based on the time domain. Note: This figure
displays the time-varying behavior of the “FROM” directional return spillover index among 4 green
economy markets and 2 traditional energy markets under study computed using the approach of
Diebold and Yilmaz (2012) [12]. “FROM” represents the directional return spillovers received by the
corresponding market from all other markets, as shown in Equation (8).
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Figure 5 shows that the global and U.S. green economy markets are net exporters of
shocks. The net spillover index of the global green economy market reached 33.76% on
6 February 2018, the day after the U.S. stock crash, and that of the U.S. green economy
market surged to 28.35% during the COVID-19 period. Conversely, the European and
Asian green economy markets were net recipients of spillovers. The return spillover index
of the Asian green economy market was more volatile than that of the European green
economy market, and its highest net spillover value occurred during the COVID-19 period.
Traditional energy markets are also net recipients of spillovers, and the crude oil market
became a net exporter of risk for a brief period in April 2020. Thus, it appears to be more
influenced by other markets than by the natural gas market. However, at this time, the
risk spillovers that this market received increased to 13.64%, likely due to the significant
decline in global crude oil demand and the financial and commodity market volatility,
which complicated investment decisions.
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Figure 5. Dynamic “NET” directional spillover based on the time domain. Note: This figure depicts
the time-varying behavior of the net return spillover index among 4 green economy markets and 2 tra-
ditional energy markets under study computed using the method of Diebold and Yilmaz (2012) [12].
“NET” return spillover indices are calculated by subtracting directional “TO” spillovers from di-
rectional “FROM” spillovers, as shown in Equation (10). Positive (negative) values of spillovers
indicate that the corresponding market is a net transmitter (receiver) of return spillover effects “TO”
(“FROM”) all remaining markets of the system.

Based on the results in Figures 3-5, we draw the following conclusions. First, green
economy markets and traditional energy markets are relatively closely connected. The
global and the U.S. green economy markets are net exporters of shocks, and the other
markets are net recipients of systemic shocks. Second, we observe regional heterogeneity
within green economy markets. The global green economy market and those of the U.S.
and Europe perform similarly, whereas the pattern in the Asian green economy market
is more complex. Third, the crude oil market has closer interactions with green economy
markets than with the natural gas market, but crude oil is not the main driving factor of the
green economy. Finally, the spillover between the green economy and traditional energy
markets has obvious time-varying characteristics. We find that spillovers between markets
spike in times of extreme global events, such as the global stock market crash, the oil price
crisis and the COVID-19 pandemic.
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4.2. Frequency Domain Analysis
4.2.1. Static Results

In this section, we report the green economy-traditional energy system spillovers, as
estimated for different horizons. We decompose the dynamics of the total return spillover
into short-term (1-5 days), medium-term (5-20 days) and long-term (20 days-infinite
duration) frequency bands using the BK spillover index. The results are reported in Table 3,
of which Panels A, B, and C summarize the short-, medium- and long-term spillovers,
respectively. The short-term spillover is 26.31%, the medium-term spillover is 10.99%, and
the long-term spillover is 5.92%, implying that spillovers occurring within 1-5 days are
the largest among the three frequency bands and thus constitute the majority of the total
spillovers. Barunik and Krehlik (2018) [15] argued that short-term components usually
correspond to noisy trading behaviors, such as herding effects and investor sentiments,
whereas long-term components generally refer to long-term persistent behaviors, such as
economic fundamentals’ fluctuations. From this perspective, the spillover effects between
global green economy markets and traditional energy markets, mainly generated in the
short term, occur through the channels of irrational investor behaviors, such as the herding
effect, the convergence effect and limited rationality.

The results regarding the short-term spillover are in line with those findings in the
time domain analysis. For example, both the global and the U.S. green economy markets
are net exporters of shocks, and the other markets are net recipients of systemic shocks.
The results are similar when estimating the strength of these shocks, as crude oil absorbs
many more shocks than natural gas does in the short term. We also note that the global
green economy market remains the main contributor to traditional energy markets.

In terms of medium-term spillover, we find that net receivers and senders remain
the same as they do in the short-term. One exception is that the crude oil market became
a net sender. Additionally, the magnitudes of “NET” for the U.S., European and Asian
green economy markets are larger than those found for their counterparts with short-
term returns. Second, the spillovers in all the green economy markets are transmitted
into traditional energy markets to a lesser degree than those found for short-term returns.
Similarly, traditional energy markets transmit less to green economy markets relative to the
short-term analysis. These findings show that the total return spillover in the short-term
is greater than that in the medium term. Third, the impact of green economy market
spillovers on crude oil remains higher relative to that of natural gas.

The long-term result resembles that of the medium-term analysis. The net receivers
and senders remain constant in the transmission process. However, the magnitude of
spillovers in the long term is the smallest of the three frequency bands.

4.2.2. Dynamic Results

As in the analysis of the time domain, we compute the dynamic spillover in the
frequency domain. Figure 6 illustrates the dynamics of the total spillover effects. The
spillover level in the various frequency domains is highly consistent with that in the time
domain, and the spillover level over the short term in the full sample is much larger
than those of the medium and long terms and fluctuates between 17.71% and 34.42%.
This suggests that the total spillover effect across the green economy markets and the
traditional energy markets is mainly driven by shocks in the short term. In periods of rising
economic uncertainty and geopolitical risks, investors who do not consider the economic
fundamentals tend to be risk-averse and sell off risky assets in large quantities, leading to
the spread of risk between green economy markets and traditional energy markets. The
correlation among the markets increases significantly in the short term and drives sharp
fluctuations in the level of total spillovers in the time domain.
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Table 3. Full-sample static spillover results based on the frequency domain.

Panel A: Short Term (1-5 days)

QGREEN GRNUS GRNEUR GRASIA WTI GAS FROM

QGREEN 21.32 18.97 14.49 5.66 1.78 0.25 41.16
GRNUS 22.19 25.71 10.03 4.18 1.75 0.35 38.5
GRNEUR 18.12 10.9 26.22 4.96 1.62 0.2 35.8
GRASIA 10.28 7.36 7.23 32.8 1.07 0.45 26.4
WTI 3.92 3.57 2.95 1.02 60.7 1.03 12.49
GAS 0.6 0.78 0.41 0.43 1.28 70.59 3.49

TO 55.11 41.58 35.1 16.26 7.51 2.29 157.84
ALL 76.43 67.28 61.32 49.06 68.21 72.88 TCI
NET 13.95 3.08 -0.7 —-10.14 —4.98 —-1.21 26.31
Panel B: Medium Term (5-20 days)

QGREEN GRNUS GRNEUR GRASIA WTI GAS FROM

QGREEN 8.28 7.86 5.39 1.93 0.89 0.11 16.17
GRNUS 7.98 9.31 3.78 1.38 0.84 0.12 14.09
GRNEUR 7.61 5.36 9.03 1.82 0.81 0.08 15.69
GRASIA 6.18 491 411 10.49 0.56 0.18 15.94
WTI 1.01 0.93 0.71 0.33 14.62 0.25 3.23
GAS 0.14 0.19 0.08 0.1 0.31 16.5 0.82
TO 2291 19.25 14.07 5.55 3.42 0.74 65.94
ALL 31.19 28.55 23.1 16.04 18.04 17.24 TCI
NET 6.74 5.15 —-1.62 —10.39 0.19 —0.08 10.99

Panel C: Long Term (20-infinite days)
QGREEN GRNUS GRNEUR GRASIA WTI GAS FROM
QGREEN 443 4.22 2.87 1.01 0.48 0.06 8.64
GRNUS 4.22 4.92 2.01 0.72 0.45 0.06 7.48
GRNEUR 4.1 2.92 4.79 0.97 0.45 0.05 8.48
GRASIA 3.44 2.76 2.28 5.47 0.31 0.09 8.89
WTI 0.52 0.48 0.36 0.17 7.31 0.13 1.66
GAS 0.07 0.1 0.04 0.05 0.16 8.19 04

TO 12.35 10.48 7.56 2.92 1.85 0.39 35.55
NET 3.71 3 —0.92 —5.97 0.19 —0.01 5.92

Note: This table presents the return spillover results among 4 green economy markets and 2 traditional energy
markets under study computed during the entire period from 4 January 2012 to 12 April 2022 in different time
horizons based on the Barunik and Krehlik (2018) [15] frequency domain framework. The ij-th element in
the 6 x 6 (from QGREEN to GAS) sub-matrix shows the ij-th pairwise directional spillover [see Equation (15)]
in the corresponding frequency, representing the forecast error variance of market i to shocks from market j.
“FROM”, “TO” and “NET” represent the from- spillover, to- spillover and net- spillover of market I, as shown in
Equations (17)—(19), respectively.

Figures 7-9 show the time-varying graphs of the net directional spillover index in
various frequency bands. The net spillover index based on the short period clearly fluctuates
more frequently. The global green economy market is the net exporter, and the Asian green
economy market is the net recipient, regardless of the frequency band. The results based on
DY show that the U.S. green economy market is a net exporter, but in the short term, this
only holds in phases. The European green economy market and the crude oil and natural
gas markets also display the same pattern. This demonstrates the importance of considering
frequency bands when researching cross-market information spillover. This result has
important implications for asset allocation, hedging and diversified portfolio strategies.

To conclude, the results of frequency domain tests can be summarized as follows. First,
we confirm the net transmitter roles of the global and U.S. green economies. Second, the
spillover is time-varying; for example, the crude oil market is the recipient of shock in the
short term, whereas it becomes the exporter in the medium and long terms. Third, the
short-term spillover component plays a dominant role.
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Figure 6. Dynamic “TOTAL” spillover based on the frequency domain. Note: This figure depicts the
frequency dynamics of the total return spillover among 4 green economy markets and 2 traditional
energy markets under study computed using the method of Barunik and Krehlik (2018) [15]. “TOTAL”
represents the total- spillover of the “green economy-traditional energy” system, as shown in
Equation (16). The blue area indicates the total spillover in the long-term period of 20-infinite days.
The green area reflects the spillover in the medium-term horizon of 5-20 days. The red area represents
the spillover in the short-term horizon of 1-5 days. The black area is the time domain spillover.
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Figure 7. Dynamic “NET” directional spillover in the short term (1-5 days) based on the frequency
domain. Note: This figure depicts the frequency dynamics of the net return spillover index among
4 green economy markets and 2 traditional energy markets under study computed using the method
of Barunik and Krehlik (2018) [15] in the short term. “NET” return spillover indices are calculated by
subtracting directional “TO” spillovers from directional “FROM” spillovers, as shown in Equation (19).
Positive (negative) values of spillovers indicate that the corresponding variable is a net transmitter
(receiver) of return spillover effects “TO” (“FROM”) all the remaining variables of the system.
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Figure 8. Dynamic “NET” directional spillover in the medium term (5-20 days) based on the
frequency domain. Note: This figure depicts the frequency dynamics of the net return spillover index
among 4 green economy markets and 2 traditional energy markets under study computed using the
method of Barunik and Krehlik (2018) [15] in the medium term. “NET” return spillover indices are
calculated by subtracting directional “TO” spillovers from directional “FROM” spillovers, as shown
in Equation (19). Positive (negative) values of spillovers indicate that the corresponding variable is a
net transmitter (receiver) of return spillover effects “TO” (“FROM”) all the remaining variables of

the system.
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Figure 9. Dynamic “NET” directional spillover in the long term (20-infinite days) based on the
frequency domain. Note: This figure depicts the frequency dynamics of the net return spillover index
among 4 green economy markets and 2 traditional energy markets under study computed using
the method of Barunik and Krehlik (2018) [15] in the long term. “NET” return spillover indices are
calculated by subtracting directional “TO” spillovers from directional “FROM” spillovers, as shown
in Equation (19). Positive (negative) values of spillovers indicate that the corresponding variable is a
net transmitter (receiver) of return spillover effects “TO” (“FROM”) all the remaining variables of
the system.
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4.3. COVID-19 Pandemic Impact Analysis

Through the above analysis, we find that the COVID-19 pandemic greatly increased the
correlation among markets, and the spillover level significantly increased. We then further
analyze the spillovers before and after the outbreak of COVID-19. On 30 January 2020,
the World Health Organization classified COVID-19 as a public health emergency of
international concern. On 26 April 2020, the last patient was discharged from a hospital in
Wuhan, which represents a landmark in pandemic prevention and control. Following the
research of Dai et al. (2022) [31], we divide the whole sample period into three sub-periods
to analyze the evolution over time of return spillovers. The three subperiods are pre-
COVID-19 (from 1 November 2019 to 23 January 2020), COVID-19 (from 3 February 2020
to 26 April 2020), and post-COVID-19 (from 27 April 2020 to 12 April 2022). As the sub-
periods are not equal in length, estimation bias may result, so we also use the sub-period
from 27 April 2020 to 17 July 2020 as the post-COVID-19 sample to make the subsample
intervals equal. The results are consistent with those reported.

Table 4 shows the spillover relationship between green economy markets and tradi-
tional energy markets before and after the outbreak of the COVID-19 pandemic. Before
the pandemic, the total spillover is 44.51%, but it increases significantly to 56.92% after
the outbreak. Except the crude oil market, the levels of “TO” spillovers in other markets
increase significantly, and particularly the spillover level of the U.S. green economy market
to other markets, which increase from 65.73% to 97.91%. Similarly, “FROM” spillovers
also increase sharply, with the largest difference in spillover levels found in the Asian
green economy market, reaching 37.47% (73.79-36.32%). These data show that the outbreak
of COVID-19 significantly increased the level of shock linkage between green economy
markets and traditional energy markets, and the risk spillover in green economy markets
significantly increases.

In terms of the “NET” index, the global green economy market and the U.S. green
economy market are both net transmitters of return spillovers. Their net spillovers are
all positive across the sample period, but the values peak during the pandemic at 24.49%
and 28.41%, respectively. The Asian green economy market and the crude oil and natural
gas markets remain the net receivers of return spillovers. The net spillover index of the
European green economy market is negative before and after the pandemic, but it becomes
positive and small during the pandemic.

During the COVID-19 pandemic, economic growth declined in the short term, and
economic uncertainty increased in the medium and long term, which directly affected
green economy markets (Wang et al., 2022) [32]. The economic downturn aggravated the
imbalance between the environment and the economy;, affecting the development of green
economies. Government support for the green economy also weakened. Enterprises in
the green sector were affected (Jiang et al., 2021) [33], and green development faced a
greater funding gap (Hoang et al., 2021) [9]. In addition, the pandemic may also have
indirectly affected the green economy market through the traditional energy market. The
shrinking demand for energy and the imbalance between supply and demand led to the
decline of crude oil and natural gas prices, greatly increasing the opportunity cost of
renewable energy use and increasing the uncertainty of renewable energy development
(Li et al., 2022) [34], thus affecting the green economy transition process. This is reflected in
the static spillover in Table 4, Panel B. The direct impact of the COVID-19 pandemic, along
with the indirect impact of the traditional energy markets, led the spillover level of the
green economy markets to increase significantly, and then risks continued to be transmitted
to the traditional energy markets.
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Table 4. Comparison before, during and after COVID-19 based on the time domain.

Panel A: Pre-COVID-19

QGREEN GRNUS GRNEUR GRASIA WTI GAS FROM
QGREEN 34.99 28.47 23.07 8.14 2 3.33 65.01
GRNUS 34.93 39.65 14.95 4.22 1.64 4.62 60.35
GRNEUR 28.02 13.15 46.02 6.05 4.46 2.3 53.98
GRASIA 11.83 5.85 9.24 63.68 4.85 4.56 36.32
WTI 5.67 11.72 0.88 4.92 72.86 3.97 27.14
GAS 4.88 6.54 3.65 5.14 4.06 75.72 24.28
TO 85.32 65.73 51.79 28.46 17.01 18.78 267.08
NET 20.31 5.38 -2.19 —7.86 —-10.14 -55 4451

Panel B: COVID-19

QGREEN GRNUS GRNEUR GRASIA WTI GAS FROM
QGREEN 28.16 28.47 21.89 11.87 3.26 6.34 71.84
GRNUS 28 30.51 18.7 11.99 3.28 7.52 69.49
GRNEUR 27.2 23.55 30.96 11.58 2.57 413 69.04
GRASIA 22.88 23.53 19.52 26.21 3.08 4.78 73.79
WTI 6.6 7.31 4.31 1.1 79.17 15 20.83
GAS 11.64 15.05 6.14 2.89 0.82 63.47 36.53
TO 96.32 97.91 70.57 39.43 13.01 24.27 341.52
NET 24.49 28.41 1.53 —34.36 —7.82 —12.26 56.92

Panel C: Post-COVID-19

QGREEN GRNUS GRNEUR GRASIA WTI GAS FROM

QGREEN 37.33 35.38 16.34 9.11 1.65 0.2 62.67
GRNUS 38.11 41.75 10.67 7.5 1.69 0.27 58.25
GRNEUR 25.18 16.43 50.43 6.57 1.2 0.18 49.57
GRASIA 19.34 16.63 9.38 52.76 1.31 0.59 47.24
WTI 415 3.73 2.05 2.62 86.86 0.59 13.14
GAS 0.74 0.93 0.82 0.82 0.63 96.07 3.93
TO 87.51 73.1 39.26 26.62 6.48 1.83 234.79
NET 24.84 14.85 -10.31 —20.62 —6.66 -21 39.13

Note: This table presents the return spillover results among 4 green economy markets and 2 traditional energy
markets during the pre-COVID-19, COVID-19 and post-COVID-19 subsamples. It reports the spillover results
based on the method of Diebold and Yilmaz (2012) [12]. The ij-th element in the 6 x 6 (from QGREEN to GAS)
sub-matrix shows the ij-th pairwise directional spillover [see Equation (6)], representing the forecast error variance
of market i to shocks from marketj. “FROM”, “TO” and “NET” represent the from- spillover, to- spillover and
net- spillover of market I, as shown in Equations (8)—(10), respectively.

However, this short economic downturn does not change the fundamentals of green
economic development. The pandemic also brought new opportunities for global green
development. In the post-pandemic era, many governments have regarded green trans-
formation as an important means of economic recovery. The European Commission an-
nounced the intention to invest up to 750 billion euros in a stimulus plan prioritizing green
investments, such as renewable energy, a circular economy and clean transport logistics.
The Chinese government has increased low-carbon investment and new infrastructure con-
struction to stimulate the economy in a sustainable way. As the global economy rebounded
after the pandemic, the total spillover level fell back to 39.13%. The degree of spillover
from the green economy market in the post-COVID-19 period decreased compared with
that during the pandemic, but it remains higher than the level before the pandemic. The
findings for traditional energy markets are similar, and the spillover effects between the
green economy and crude oil markets are more evident than those with natural gas.

In Panel B of Table 4, the spillover effects are decomposed into short, medium and long
terms. Figure 10 plots the net pairwise directional spillovers between green economy mar-
kets and traditional energy markets during the COVID-19 period. The lines in Figure 10a
are clearly thicker than those in Figure 10b,c, indicating that the spillover levels in the short
term are significantly higher than those in the long and medium terms, both in the total and
directional spillover indices. The greater number of blue lines in Figure 10a indicates that
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the net spillover level of the global green economy and regional green economy markets
to other markets is higher in the short term, and the traditional energy market is more
vulnerable to this short-term impact. However, this situation changes in the medium and
long terms. In Figure 10b,c, the number of orange lines increases, and the nodes represent-
ing WTI and natural gas markets become larger, indicating that the spillover capacity of
the green economy market weakens in the medium and long terms, and the net spillover
scale of the traditional energy market increases accordingly. In addition, the global and
U.S. green economy markets mainly transmit spillover effects, regardless of whether it is
in the short, medium or long terms, and the Asian green market is the main recipient of
the spillover. Moreover, the net spillover direction in the short term is exactly the same
as that found in the time domain. Clearly, the spillover effect during the pandemic was
mainly driven by shocks in the short term. During this period, green sector stock indices
plunged, and the prices of crude oil and natural gas fluctuated dramatically due to market
sentiment, herding effects and other market factors. The correlation between the two is
strengthened in the short term.

(a) Short term (b) Medium term (c) Long term

Figure 10. Spillover network diagram during COVID-19 based on the frequency domain: (a) 1-5 days;
(b) 5-20 days; (c) 20-infinite days. Note: This figure depicts the network graphs of the net pairwise
directional spillover among 4 green economy markets and 2 traditional energy markets under
consideration computed using the approach of Barunik and Krehlik (2018) [15] in different time
horizons. Green economy markets and traditional energy markets and their outgoing edges are
marked by brown and blue, respectively. The size of the node represents its frequency of output in
spillover transmission. The edges reveal the pairwise spillover effects, and the thickness of the edge
highlights the magnitude of the net spillover effects, with the arrows pointing from the net exporter
to the net receiver.

Thus, we derive the following results from the spillover network. First, the connect-
edness between green economy markets and traditional energy markets is time-varying.
Second, spillover effects are more evident between green economies and crude oil than
those between green economies and natural gas. Third, the global and U.S. green economy
markets are again the main senders of shocks to other markets. Finally, and most impor-
tantly, the spillover in the short term is more pronounced than the medium- and long-term
spillover in all the market states.

5. Conclusions

The green economy is an important component of sustainable development and
has gained worldwide attention due to the challenges posed by climate changes and
the need for carbon peaking and carbon neutrality. Green development also helps to
reduce traditional energy use and can transform the energy structure. Characterizing the
relationship between green economy markets and traditional energy markets is therefore
important. In this study, we focus on the time and frequency dynamics and demonstrate the
direction and magnitude of spillovers between the green economy markets and traditional
energy markets.



Systems 2023, 11, 153

21 0f 23

We apply the DY spillover index and find that the total spillover index value of
the green economy-traditional energy system is 42.57% across the sample period. The
spillover direction is mainly from the green economy market to the traditional energy
market. We find that crude oil is not the main driver of the green economy market; rather, it
is driven by factors such as technological development, capital investment and government
policies. The global and U.S. green economy markets are net contributors, whereas the
remaining markets are net receivers of spillovers in the system. In addition, the spillover is
time-varying and sensitive to extreme events. Its peaks are found to accompany extreme
global events, such as the global stock market crash, the oil price crisis and the COVID-19
pandemic. In addition, the results point to regional heterogeneity in spillovers within green
economy markets. The performance of the U.S. and the European green economy markets
are similar, whereas the Asian green economy market differs, as it is more complex.

We apply the BK spillover index and show that the short-term spillover of the green
economy-traditional energy system is greater than that in the medium and long term. The
crude oil market is a net receiver in the short term and a net contributor in the medium and
long terms. Our analysis of net pairwise directional connectedness demonstrates that the
crude oil market receives more shocks from green economy markets than the natural gas
market receives. Consistent with the time domain results, the frequency domain results
also support that global and U.S. green economies are net contributors of spillovers in all
frequency bands. The European and Asian green economy markets, along with the natural
gas market, are net receivers regardless of the time horizon.

Our analysis of the COVID-19 period reveals that the spillover intensified during the
pandemic. We found that the outbreak of the COVID-19 pandemic significantly increased
the level of spillovers among various markets, and in the short term, it improved the
risk diffusion ability of the green economy market. However, in the later stage of the
pandemic, the transformation of the global green economy accelerated, which also brought
new impetus to the economic recovery of various regions. However, it may take longer to
fully recover and reach pre-pandemic levels.

Our empirical findings have crucial implications for various international investors
and policymakers in terms of portfolio construction and risk management at different
investment horizons (Mensi et al., 2022) [35]. For short-term investors and portfolio
managers, they should avoid traditional energy and green economy stocks, especially
the U.S. and European green economy stocks in a portfolio due to the strong short-term
spillovers among them. Moreover, short-term investors with traditional energy in their
portfolio could profit from significant information on global green economy stocks in
the early stage of an extreme event, such as the COVID-19 pandemic. For investors and
portfolio managers with longer horizons, as the total spillover between traditional energy
and green economy stocks decreases in the long term, they may be able to use information
on traditional energy prices for hedging and diversifying green economy stock price
risk. Finding evidence of heterogeneity in regional green economy stocks indicates that
international investors in different regions cannot adopt similar investment strategies all
the time and should update weights in portfolios of regional green economy stocks and
traditional energy assets following specific market conditions. Additionally, policymakers
should be aware that global green economy sectors do not need specific policy measures of
protection against crude oil and gas price shocks. Instead, the traditional energy markets
should adopt policy measures for shocks from global green economy stocks.
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