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A B S T R A C T   

Clean energy market has great potential to promote the balance between economic development and environ
mental protection, and has gradually become one of the vital energy markets. This paper investigates the real 
effects of external uncertainties from oil price shocks (supply, demand, and risk shocks) and political factors on 
the clean energy market based on a multi-frequency and multi-quantile framework. The empirical results show 
that both oil price shocks significantly impact the clean energy market, especially the oil demand shock. Two 
political factors, economic policy uncertainty and geopolitical risk, also have a one-way influence on the clean 
energy market. Additionally, the impact of most external uncertainties on the clean energy market is more 
prominent in the long term than in the short and medium term. Finally, the clean energy market with different 
market conditions also has different abilities to resist external uncertainties. Our research analyses all the joint 
distributions between each external uncertainty and the clean energy index in identical time frames. It is helpful 
for investors to construct more rational investment strategies and for policymakers to make appropriate policy 
arrangements.   

1. Introduction 

Clean energy is a category of energy that has been found to be 
environmentally friendly in its development and utilization process 
(Chen et al., 2022). As global climate risks intensify and traditional 
energy reserves become increasingly depleted, clean energy has become 
an important source of energy for daily consumption (de Abreu et al., 
2021; Ren et al., 2021). Therefore, to a certain extent, clean energy can 
be a competitive or alternative energy source to traditional fossil energy. 
Additionally, the clean energy market is emerging as one of the major 
financial markets, on the horizon of investors and policymakers world
wide (Elie et al., 2019). The development of clean energy markets is 
closely linked to political factors such as policy support and inter- 
sovereign relations (Barrett et al., 2002; Ćetković et al., 2016; Breetz 
et al., 2018; Sohail et al., 2022). This shows that the importance of clean 
energy cannot be underestimated, but at the same time, the clean energy 
market is inevitably likely to be hit by a number of external un
certainties. In order to better help market participants grasp the char
acteristics of the clean energy market and to bring out the actual 
performance of the clean energy market, this paper examines the impact 

of two types of external uncertainty, crude oil price shocks and political 
factor shocks, on the clean energy market. Additionally, we treat all 
uncertainties equally to compare which external shock has a more vio
lent or far-reaching impact on the clean energy market in the same time 
dimensions. 

Clean energy has the advantage of not producing carbon emissions in 
the process of use, catering to the current global trend of low carbon 
economic development (Lin and Li, 2022). At the same time, many clean 
energy sources are renewable, so the use of clean energy is not limited by 
the total amount of energy available. These advantages have contributed 
to the gradual emergence of clean energy as an alternative to traditional 
fossil energy sources (Tenaw, 2022). As one of the most representative 
traditional energy sources, crude oil has a significant influence on 
numerous macro and micro factors (Liang et al., 2020; Wang et al., 
2021). Therefore, there is a high probability that crude oil will also have 
an impact on the clean energy market (Ghabri et al., 2021). Many 
studies have linked clean energy and crude oil and examined the rela
tionship between the two. These studies have confirmed that the vola
tility of crude oil prices significantly impacts the performance of clean 
energy stocks (Henriques and Sadorsky, 2008; Managi and Okimoto, 
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2013; Naeem et al., 2020; Ren et al., 2022b). Furthermore, Geng et al. 
(2021) also find that changes in crude oil prices and clean energy stock 
returns move in the same direction, with a high degree of information 
interdependence between them. 

On the other hand, the impact of political factors on the clean energy 
market also cannot be ignored (Ćetković and Buzogány, 2019; Aleluia 
et al., 2022; Wang et al., 2023a). We chose the economic policy un
certainty as one of the proxies of political factors to conduct our analysis 
since the economic policies could directly determine the future direction 
of economic development (Wang et al., 2022a). Firstly, economic policy 
uncertainty has been proven to have numerous direct or indirect effects 
on the clean energy market infrastructure and investment (Ji et al., 
2018; Wang et al., 2023b). Moreover, a high level of economic policy 
uncertainty may greatly influence whether the clean energy market can 
develop smoothly or rapidly, and so on (Al-Thaqeb and Algharabali, 
2019; Nilavongse et al., 2020; Wang et al., 2022b; Ren et al., 2023). 
From another political perspective, the study by Su et al. (2021) also 
found that geopolitical risks arising from competition and cooperation 
between different sovereign actors can significantly affect the perfor
mance of renewable energy. Therefore, we also consider the impact of 
geopolitical risk in our analysis since the disruption of geopolitical 
factors brings many opportunities or challenges to the survival envi
ronment of the clean energy market. 

While scholars have studied related topics to a greater or lesser 
extent, very little has been written on the exposure of clean energy to 
crude oil price shocks and political factors. To fill the gap, this paper 
simultaneously examines the real impact of three decomposed oil price 
shocks (supply, demand, and risk shocks) and two political factors 
(economic policy uncertainty and geopolitical risk) on clean energy 
market performance. Three levels of time dimensions and multiple 
quantile dimensions are distinguished for specific analysis to uncover a 
more comprehensive picture of the characteristics and resilience of clean 
energy market performance. 

We refer to the methodology of Ready (2018), which decomposes oil 
price volatility into three perspectives, the demand side, the supply side, 
and the overall volatility aspect of market volatility. This helps to better 
verify which crude oil shocks can have a more significant impact on the 
clean energy market. We used a maximum overlap wavelet decompo
sition approach to minimise the noise in the time series, decomposing 
the individual uncertainty variables and the clean energy market index 
into waves of six frequencies (Patnaik et al., 2021). And based on this, 
the time dimension of the study was divided into three scenarios: short-, 
medium- and long terms. Once these preparations were made, using the 
quantile Granger approach, we initially determined that each of these 
uncertainties had significant unidirectional Granger causal effects on the 
clean energy market. These effects essentially hold across the frequency 
and quantile distributions. The quantile-on-quantile approach further 
confirmed the powerful impacts of all uncertainty series on the clean 
energy market and could clearly observe their effects’ differences. 

The main contributions of our study are as follows. Firstly, by taking 
into account uncertainties arising from both crude oil shocks and shocks 
from political factors, with the clean energy market as the core of the 
study, this study is able to visualise the extent to which the clean energy 
market is affected by these uncertainties and facilitate comparative 
analysis between individual uncertainties. We consider more factors and 
scenarios, extending previous relevant works, such as the studies of 
Naeem et al. (2020) and Zhang et al. (2020). Even if three kinds of oil 
price shocks are refined from oil price fluctuations, the decomposition 
allows for a more direct tracing of the causes of these oil shocks. This 
helps multiple stakeholders to more accurately understand the charac
teristics of the clean energy market and to anticipate the outcomes of 
shocks from different events. 

Secondly, we have used a combination of wavelet decomposition and 
quantile methods to embed the complete analysis into a multi- 
dimensional framework, allowing the core issues of the study to be 
analysed from a broader range of perspectives. Because of this analytical 

approach and framework, we do find that uncertainty has a greater 
impact over a longer time horizon and that clean energy markets are 
more prone to extreme market movements in response to uncertainty 
shocks when they are in extreme market conditions. This also makes the 
comparative analysis of the influence of different external uncertainties 
in more dimensions. It helps to help investors build a more cautious or 
rational investment strategy. 

Finally, the clean energy market acts as an essential player in 
balancing economic development and environmental protection. Our 
study of the performance of clean energy in an uncertain environment 
will help policymakers consider more factors related to clean energy in 
their economic policy making and think more cooperation with other 
players to promote clean energy development. 

The remainder of the paper is organised as follows: Section 2 is a 
review of the relevant literature, which is used to understand the 
research developments on the topic. The third section deals with oil 
price decomposition methods, the quantile Granger test, and the 
quantile-on-quantile methodology. The fourth section deals with data 
sources and basic descriptive statistics. Section 5 is devoted to the 
empirical results and discussion. Finally, Section 6 concludes with a 
summary. 

2. Literature review 

Clean energy is currently being developed in many countries and 
regions worldwide, especially the regions which are focusing on envi
ronmentally friendly economic development (Dincer and Acar, 2015). 
He et al. (2018) point out that, at present, the combined development 
index for clean energy is relatively high in developed countries. In 
emerging nations, the opportunity for clean energy development with 
additional potential is even more remarkable. The clean energy market 
is not only there for the low carbon transition, but as it matures, it is also 
becoming one of the critical financial markets. 

The clean energy market is embedded in an intricate network of 
markets, and it is inevitably influenced by many factors. The intercon
nection between crude oil and clean energy is one of the richest topics in 
the literature. Haug (2011) points out that while clean energy does not 
quickly reverse the demand for oil, clean energy accelerates the market 
readiness for oil alternatives. Therefore, clean energy and oil are the two 
representative sources of energy that are often compared to each other. 
In the last decade, a large number of academics have studied the linkage 
between oil price volatility or oil stocks and clean energy stocks. 

After that, many researchers, for example, Dutta and Dutta (2022) 
and Geng et al. (2021), have further explored the connection between 
the oil price shocks and clean energy stocks. The conclusion of these 
studies is almost unanimous, i.e., changes in oil prices significantly 
affect clean energy stock prices and are a catalyst for higher share prices. 
These studies confirm the importance of the dynamics of crude oil for 
clean energy, and for the time being, the one-way impact of oil on clean 
energy is more significant. Clean energy may still be in a position to be 
an alternative market to crude oil. 

In addition, clean energy, as an environmentally friendly energy 
source strongly backed by the government, can sometimes play a pivotal 
role in its development compared to the industrial demand-driven na
ture of traditional energy sources (Ge and Zhi, 2016). 

The most direct impact of policies for clean energy advocacy and 
investment is the rapid development of clean energy infrastructure (Lee, 
2013). And in addition to this, any policy of green development will also 
bring about an acceleration of clean energy. Zahan and Chuanmin 
(2021) find that the implementation of green investment policies has 
significantly stimulated the development of clean energy with an 
autoregressive distributed lag (ARDL) method. The survey confirms that 
institutional and political factors play a key role in facilitating the 
renewable energy transition and shows that improving these factors can 
lead to decarbonisation. 

The development of clean energy is also inseparable from the 
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competition and cooperation between different regions, and geopolitics 
is gradually becoming a factor that cannot be ignored. Sivaram and Saha 
(2018) and Su et al. (2021) argue that the development of clean energy 
is influenced by geopolitics and, in turn, it brings opportunities and 
adjustments such as institutional reforms that have an impact on 
geopolitics. For instance, Zhao et al. (2021) find that geopolitical risks 
asymmetric impact energy use and carbon emissions in different coun
tries and regions. Additionally, geopolitical risks have also been shown 
to have a significant impact on a number of aspects, such as clean energy 
stocks, related capital investment, and energy restructuring in various 
regions (Vakulchuk et al., 2020; Flouros et al., 2022). Geopolitical risks 
can therefore be both an opportunity and a challenge, and it is impos
sible to say which role it plays. 

It is certain that, similar to many other financial or energy markets, 
the clean energy market is vulnerable to the unpredictability brought 
about by numerous external factors. Nevertheless, there is still a lack of 
comparison in terms of the effect of external uncertainty on the clean 
energy market in different aspects. This paper provides an innovative 
viewpoint in comparison to existing literature to examine the impact of 
external uncertainty on clean energy indices arising from both crude oil 
price shocks and political factors. 

3. Methodology 

3.1. Oil price shocks decomposition 

This paper applied the method proposed by Ready (2018) to 
decompose oil price shocks into three more specific sub-shocks: supply,1 

demand2, and risk3 shocks. Taking the practice of Uddin et al. (2018) 
and Ren et al. (2022a) as a reference, we conducted the decomposition 
as follows: 

Xt = AZt (3-1)  

where Xt = [Δoilt,Rt
prod,ζVIX, t]T, whose components denote oil price 

change, the World Integrated Oil and Gas Producer index returns, and 
VIX innovations. Vector Zt = [st,dt,vt]T, and its elements are supply, 
demand, and risk shocks of oil price (Ready, 2018; Malik and Umar, 
2019). The matrix A is as follows: 

A =

⎡

⎣
1 1 1
0 a22 a23
0 0 a33

⎤

⎦ (2)  

A− 1
∑

X

(
A− 1)T

=

⎡

⎢
⎢
⎣

σ2
s 0 0

0 σ2
d 0

0 0 σ2
v

⎤

⎥
⎥
⎦ (3)  

where 
∑

X means the covariance matrices of the components of Xt. The 
σs, σd and σv represent the variances of corresponding shocks. 

3.2. Wavelet transformation 

In order to analyse from the different temporal dimensions, we adopt 
a wavelet decomposition approach by referring to the study by Kumah 
and Mensah (2022) and Ren et al. (2022a). This method could do a good 
job of breaking down the data into different frequencies and eliminating 
some of the noise simultaneously. It is a good data processing tool that 

helps in the analysis of this paper. The brief process is as follows: 
It catches the different information through two kinds of wavelets: 

φμk = − 2− j/2φ
(

t − 2jk

2j

)

,

∫

φ(t)dt = 1, (3.1)  

ψjk = − 2− j/2ψ
(

t − 2jk

2j

)

,

∫

ψ(t)dt = 0, (3.2) 

where {j = 1, …, J} denotes scale levels and {k = 1, …, K} denotes 
translation, the translation coefficients of φμk and φμk are defined as: 

SJ,k =

∫

f (t)φj,k, (3.3)  

djk =

∫

f (t)ψj,k (3.4) 

The function {f (.)} in the equations above is defined as: 

f (t) =
∑

k
SJ,k φJ,k(t) +

∑

k
dJ,k ψJ,k(t)…+

∑

k
dJ,kψJ,k(t)…+

∑

k
d1,k ψ1,k(t),

(3.5)  

f (t) = SJ +DJ +DJ− 1 +…+Dj +…+D1 (3.6) 

with its components are defined as: 

Sj =
∑

k
SJ,k φJ,k(t), (3.7)  

Dj =
∑

k
dJ,k ψJ,k(t), j = 1, 2,…, J. (3.8) 

Then we used the maximum overlapping discrete wavelet transform 
(MODWT) with perfect flexibility (Percival and Walden, 2000) to 
continue the decomposition process. The first step of the MODWT 
method is to set the wavelet filter h̃l = h1/

̅̅̅
2

√
and scale filter g̃l = g1/

̅̅̅
2

√
= ( − 1)l+1h̃L− 1− t, satisfying the equations below: 

∑L− 1

l=0
h̃l = 0,

∑L− 1

l=0
h̃

2
l =

1
2
,
∑L− 1

l=0
h̃lh̃l+2n = 0, (3.9)  

∑L− 1

l=0
g̃l = 1,

∑L− 1

l=0
g̃2

l =
1
2
,
∑∞

l=− ∞
g̃lg̃l+2n = 0, (3.10)  

∑∞

l=− ∞
g̃lh̃l+2n = 0.

(3.11)  

where n denotes the number of original time series. The second step is to 
determine the MODWT coefficients as follows: 

W̃1,t =
∑L− 1

l=0
h̃lXt− l modN , (3.12)  

Ṽ1,t =
∑L− 1

l=0
g̃lXt− l modN , t = 0, 1,⋯,N − 1. (3.13)  

W̃1,t and Ṽ1,t are the first layer wavelet and scale coefficients of the 
MODWT, and we extend it to the j-th level wavelet: 

W̃j,t =
∑L− 1

l=0
h̃j,lXt− lmodN , (3.14)  

Ṽ j,t =
∑L− 1

l=0
g̃j,lXt− lmodN , t = 0, 1,⋯,N − 1. (3.15) 

1 Supply shock is presented by the residual component of oil price changes.  
2 Demand shock is the proportion of returns on a worldwide stock index of 

oil-producing companies.  
3 Risk shock is proxied by the volatility index innovations, its innovation 

component is the corresponding residuals after capturing unexpected changes, 
using ARMA (1,1) model. 

Y. Li et al.                                                                                                                                                                                                                                        



Energy Economics 121 (2023) 106679

4

h̃j,l = hj,l

/
(
2j/2), g̃j,l = gj.l

/
(
2j/2). (3.16)  

h̃j,l and g̃j,l are wavelet filter and scale filter for layer {j} and {j} corre
sponds to time scale {2j − 2j+1}. The width Lj corresponds to {(2j-1)(L-1) 
+ 1}. The time frequencies {2–4, 4–8, 8–16, 16–32, 32–64 and 64–128 
days} are represented by wavelet scales {d1,d2,d3,d4, d5,d6}. We take d1, 
d4 and d6 represent short-, medium- and long- terms, respectively, 
referring to Ren et al. (2022a). 

3.3. Quantile granger causality test 

We used quantile Granger causality tests to make a preliminary 
determination of the predictive relationship between different types of 
uncertainty (Xt) and the clean energy market (Yt). Specifically, setting 
that vector It ≝ (ItY, ItX)′ ∈ Rd, d = s + q, and ItX := (Xt− 1,….,Xt− q)′ ∈ Rq is 
the lag collections of Xt. The null hypothesis of no Granger causality is 
that: 

H0 : FY
(
y|IY

t , I
X
t

)
= FY

(
y|IY

t

)
,∀y ∈ R. (3.17)  

where FY(y| ItY, ItX) stands for the conditional distribution with the given 
(ItY, ItX). The Xt does not Granger cause Yt if: 

E
(
Yt|IY

t , I
X
t

)
= E

(
Y|IY

t

)
, a.s. (3.18) 

The function E(•) denotes the average value. Then we followed the 
study of Troster et al. (2018) to make Granger causality test with 
quantiles. Defining QT

Y, X(•| ItY, ItX) as the τ-th quantile of FY(.| ItY, ItX), the 
same with the meaning of QT

Y(•| ItY) to FY(.| ItY). The null hypothesis of 
Granger causality changes to the form below (T denotes the compact set 
and T ⊂ [0,1]): 

HO : QY,X
T
(
Yt|IY

t , I
X
t

)
= QY

T

(
Yt|IY

t

)
, a.s.∀τ ∈ Τ. (3.19) 

The conditional τ-th quantile of Yt meets these conditions: 

Pr
{

Yt ≤ QY
T

(
Yt|IY

t

)
|IY

t

}
:= τ, a.s.∀τ ∈ Τ. (3.20)  

Pr
{

Yt ≤ QY,X
T
(
Yt|IY

t , I
X
t

)
|IY

t , I
X
t

}
:= τ, a.s.∀τ ∈ Τ. (3.21) 

Given It, probabilityPr{Yt ≤ QT(Yt| It)| It} = E{1[Yt ≤ QT(Yt| It)]| It}, 
creating an example for function 1[Yt ≤ Y]. The null hypothesis then is 
as follows: 

E
{

1
[
Yt ≤ QY,X

T
(
Yt|IY

t , I
X
t

) ]
|IY

t , I
X
t

}
= E

{
1
[
Yt ≤ QY

T

(
Yt|IY

t

) ]
|IY

t

}
, a.s.∀τ ϵ Τ.

(3.22) 

Assuming that QT(•| It) is properly specified through a parametric 
model that defined byM = {m(.|θ(τ))|θ(.) : τ → θ(τ) ∈ Θ ⊂ Rp, then the 
zero assumption of Granger non-causality relationship can be set that: 

HO : E
{

1
[
Yt ≤ m

(
IY

t , θ0(τ)
) ]

|IY
t , IX

t

}
= τ, a.s.∀τ ∈ Τ. (3.23) 

The function m(ItY,θ0(τ)) stands for real conditional quantile of QT
Y(.| 

ItY). Rewriting the null hypothesis of non-Granger causality again as 
follows: 

HO : E
{

1
[
Yt − m

(
IY

t , θ0(τ)
)
≤ 0

]
− τ
}

exp(iω′ It)
}
= 0. (3.24) 

Finally, we assessed the test statistic and got that: 

ST :=

∫

τ

∫

W

|vT(ω, τ) |2dFω(ω)dFτ(τ). (3.25)  

vT(ω, τ) :=
(

1

/
̅̅̅̅̅̅
T)

√ ∑T

t=1

{
1
[
Yt − m

(
IY

t , θ0(τ)
)
≤ 0

]
− τ
}

exp(iω′ It)

}

.

(3.26) 

Setting φτj(.) be a function and φτj(ε) := 1(ε ≤ 0) − τj, combining with 

the test statistic and getting that: 

ST =
1

Tn
∑n

j=1

⃒
⃒
⃒ϑ

′

jWϑj

⃒
⃒
⃒. (3.27)  

where W is defined as the TxT matrix and ϑj is the j-th column of φ. The 
measurement process of the values of ST and more details can be seen in 
the practice of Troster (2018). 

3.4. Quantile-on-quantile regression method 

This study applied the quantile-on-quantile (QQ) regression method 
proposed by Sim and Zhou (2015) to test for specific associations be
tween different uncertainties and clean energy market performance. The 
QQ method is modified by traditional quantile regression and non- 
parametric estimation methods (Ren et al., 2022a; Dou et al., 2022). 
QQ method could find the actual marginal influence and can fully 
capture the interesting responses on different distributions (Duan et al., 
2021). Firstly, setting the regression equation for clean energy return 
(CEt) in time t as a function of each kind of uncertainty (Ut) as4: 

CEt = βθ(Ut)+ εθ
t . (3.28)  

where Ut represents uncertainty at time t, θ denotes the θ-th quantile of 
each variable. εt

θ stands for the residual term; βθ represents the impact of 
uncertainty on clean energy index return. To examine the impact of the 
τ-quantile of uncertainty on the θ-quantile of the clean energy index 
return, we Taylor expand the function βθ at first order level around Uτ: 

βθ(Ut) ≈ βθ(Uτ)+ β̇
θ
(Uτ)(Ut − Uτ) ≡ b0(θ, τ)+ b

′

1(θ, τ)(Ut − Uτ). (3.29) 

Combining Eq. (3.28) and Eq. (3.27), then get the final equation that: 

CEt = βθ(Uτ)+ β̇
θ
(Uτ)(Ut − uτ)+ εθ

t . (3.30) 

Then solve Eq. (3.29) by considering 
⎛

⎝
b̂0(θ, τ)

b̂1(θ, τ)

⎞

⎠ = arg min
b0 ,b1 ,αθ

∑T

t=1
ρθ[CEt − b0 − b1(Ut − Uτ) ]K

(
F(Ut) − τ

h

)

.

(3.31)  

where ρθ(y) = y(θ − I{y<0}) and {IA} stands for an indicator function of 
“A”. K is a Gaussian kernel function on R. h: h > 0 means the bandwidth 
used in this process. The empirical distribution function is defined as 
F(Ut) = 1

T
∑T

k=1I(Uk < UT− 1). 
Furthermore, we use the cross-validation (CV) method to obtain the 

optimal bandwidth following Stone (1984) and Duan et al. (2021) as 
follows: 

IEE =

∫

ρθ{m(x) − m̂(x) }dx. (3.33)  

M(h) =
∑T

k=1
ρθ

(
CEk − b̂0,− k − b̂1,− kUk− 1

)
. (3.34)  

hcv = argmin
h

M(h) (3.35)  

4 Quantile-based regression is essentially a combination of linear regression 
at different quantile levels. And the quantile levels represent the data arranged 
in order. In this paper, we use the returns of the S&P Global Clean Energy Index, 
so the quantile levels are ranked in order of its return series. The level of return 
series then directly represents the market performance, or the current state of 
the market. 
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4. Data resources 

The basic data for oil price shocks decomposition, such as the WTI 
crude oil futures price and VIX index, is from the DataStream, the 
Intercontinental Exchange, and the Chicago Board Options Exchange. 

Apart from that, we collect the S&P global clean energy index from 
Bloomberg, and the daily data on the American economic policy un
certainty and the geopolitical risk index is obtained from the website of 
Economic Policy Uncertainty. This paper uses the returns for all data 
series except for the oil price decomposition shocks (i.e., difference after 

Fig. 1. Time series plots of main variables from 2012 to 05-31 to 2021-10-26. 
This figure shows the density plots of the main variables in this paper. It includes three kinds of oil shock (supply shock, demand shock, and risk shock), returns of 
Standard & Poor’s global clean energy index, economic policy uncertainty index (EPU), and geopolitical risk index (GPR). 
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logarithm). Fig. 1. displays the time series plots of the main variables in 
this paper from May 31, 2012, to Oct 26, 2021. Intuitively, the supply 
and demand shocks disaggregated by the oil price shock follow very 
similar paths, with both having a very sharp swing in mid-2020. How
ever, there is no similar pattern for the risk shock of oil price. The time 
series plots of the other data series-the economic policy uncertainty, the 
geopolitical risk index, and the clean energy index, do not vary regu
larly. So we further employ density plots (Fig. 2.) to draw the true dis
tribution of each series, and the descriptive Statistics of all of our 
variables are shown in Table 1. 

The density plot shows that the true distribution of the individual 
series (indicated by the solid line) does not agree with the normal dis
tribution (indicated by the dashed line). Therefore the data are non- 
normally distributed, and this conclusion is again confirmed by the re
sults of the Jarque-Bera test in Table 1. Additionally, the test results of 
the Augmented DickeyFuller (ADF) test show that three oil price shocks 
and other data return series are all stationary, indicating the appropri
ateness of applying quantile-based approaches. 

5. Empirical results and discussion 

5.1. Maximum overlap discrete wavelet transforms 

Before the regression process, we decompose the series of all vari
ables into six waves of different frequencies using the MODWT method, 
and the results plots can be seen in the Appendix end of this study. We 
find that the trend of the data is smoother as the number of decompo
sition levels increases. The time scales after wavelet decomposition are 
2–4, 4–8, 8–16, 16–32, 32–64, 64–128 trading days (corresponding to 
decomposition levels d1 to d6). To simplify the analysis process, we take 
2–4, 16–32, and 64–128 trading days as representatives of the short-, 
medium- and long-term time dimensions, drawing on Kumah and 
Mensah (2022). This breakdown is based on the reality that financial 
markets do not trade and change every single day. Moreover, economic- 
related activities such as portfolio and market research are often 
scheduled in different time frames. 

5.2. Quantile granger causality test 

Based on the wavelet decomposition, we were able to analyse 

Fig. 2. Density plots of main variables from 2012 to 05-31 to 2021-10-26. 
This figure shows the density plots of the main variables in this paper. It includes three kinds of oil shock (supply shock, demand shock, and risk shock), returns of 
Standard & Poor’s global clean energy index, economic policy uncertainty index (EPU), and geopolitical risk index (GPR). The solid line shows the true density 
distribution of the variable series, and the dashed line shows the normal distribution. 
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different temporal frequencies. The Granger causality between different 
“uncertainties” and the performance of the clean energy market is 
examined from multiple time scales and quantile levels by combining 
the wavelet series with the quantile-based approach. 

Firstly, the quantile Granger test results of three oil price shocks with 
the clean energy index are presented in Figs. 3, 4, and 5, respectively. It 
can be observed that both supply shock, demand shock, and risk shock 
yield a Granger effect (Granger causality between variables implies a 
predictive or correlational relationship rather than an actual causal 
relationship) on the clean energy index. Additionally, the first two oil 
price shocks have a roughly consistent time trend about the Granger 
causality effect: in the short term, the predictive ability of oil price 
supply and demand shocks for clean energy markets is more significant 
in the middle quartile. However, in the medium and long-term sce
narios, the interquartile range with significant Granger causality widens, 
reaching a maximum in the long term (significant results in almost all 
quartiles). This suggests that in the short term, three oil price shocks are 
more significant in predicting clean energy market performance, which 
is in normal market conditions. While in the long term, even when clean 
energy markets are extreme, they also cause a Granger effect. That is, the 
performance of clean energy returns also brings different levels of 
sensitivity to external oil shocks. It is quite interesting that the perfor
mance of the risk shock did not differ significantly across frequencies, 
unlike the other two oil price shocks. Even in the long-term case, risk 
shocks do not have a significant Granger effect on the clean energy index 
in the extreme quantile (i.e., when the clean energy market is in an 
extreme market state). 

Conversely, the clean energy index is not predictive of any of these 
three oil price shocks (as shown in the right half of Figs. 3 to 5, where the 
solid black line is largely below the solid red horizontal line representing 
5% significance). However, two exceptions exist. In the long run, the 
Clean Energy Index has a strong Granger effect on oil price supply shocks 
around the 0.7 quantiles (Fig. 3). Further, it partially affects oil price risk 
shocks in the short term (Fig. 5). This suggests that the specific associ
ation of different shocks with the clean energy index also varies 
considerably, with specific shocks potentially having a stronger two-way 
effect in certain time intervals. 

This reciprocal Granger effect also appears in the test results of the 
clean energy index with economic policy uncertainty and geopolitical 
risk (Figs. 6 and 7). What is clearly visible is that uncertainty from 
economic policy or geopolitics can have as significant a predictive effect 
on clean energy index returns as uncertainty from oil prices. And simi
larly, the interquartile range with significant Granger effects gradually 
widens as the time horizon increases (short-term progressively to long- 
term). In the long-term scenario, the clean energy index has a “partial 
quantile” Granger effect on both economic policy uncertainty and 
geopolitical risk. 

Summing up the results of all the tests, it can be seen that uncer
tainty, whether caused by oil prices or by economic policy making and 

geopolitics, significantly affects the clean energy market (at least 
proving a significant one-way Granger causality for it). With increasing 
time horizons, this effect can cover the clean energy index in almost all 
market states (i.e., represented by different quartiles). At some fre
quencies, clean energy may also have an inverse Granger effect on these 
uncertainties, but these cases are negligible in comparison to all com
binations of frequencies and quantiles. 

Overall, we can argue that the clean energy index can be significantly 
shaken or disrupted by these uncertainties, but it does not strongly shake 
or influence these uncertainties. In the subsequent analysis, we further 
used the quantile-on-quantile method to perform tests of the effects 
under the joint distribution. 

5.3. Quantile-on-quantile regression 

This section conducts the quantile-on-quantile regression to test the 
impact of each uncertainty on the clean energy index, and the results are 
illustrated by Figs. 8 to 12. The factors b1(θ,τ)and b0(θ,τ)represents the 
impact coefficient and regression constant term of the τ-th quantile of 
uncertainty return on the θ-th quantile of clean energy return. 
Comparing the three oil price shocks, the impact coefficient of the risk 
shock is negative, while the coefficients of the supply and demand 
shocks are mainly positive. 

For supply shock, the coefficient of the impact of supply shocks on 
clean energy fluctuates around 0.04 in the short term. Only for extreme 
combinations (supply shock below the 0.2 quantile and clean energy 
indice above the 0.8 quantiles) appears an impact coefficient below 
zero. This result suggests that supply shocks from oil price changes can 
positively affect the clean energy index returns in most cases. In the 
medium term, the influence of supply shock on the clean energy index is 
largely determined by the quantile of the clean energy index (i.e., the 
state of the clean energy market). When the clean energy market is in the 
middle quartile (0.4–0.8 quartile), the impact coefficient is relatively 
small and sometimes negative. When it is in the extreme quartile range, 
the impact coefficients of supply shock on it are all greatly positive. This 
suggests that in the range of 16 to 32 trading days, the impact of supply 
shocks is significantly positive for clean energy markets in extreme 
states, while for it in relatively smooth market states, the influence is 
smaller and may appear to be negative. 

The dramatic performance in extreme quantiles is consistent with the 
findings of Elie et al. (2019). And over a longer time horizon (bottom of 
Fig. 8.), the impact coefficient for supply shocks increases overall, above 
0.1 under most joint distributions, reaching a maximum of around 0.35 
(essentially appearing in the 0.7 to 0.9 interquartile range of the clean 
energy index). This suggests that the impact of supply shocks will be 
more pronounced in the long term, even leading to a high boom in clean 
energy markets. To sum up, the influence of supply shock is significant 
in all time scales and most of quantile levels. However, our results show 
that the impact of supply shocks is evident in medium term, which is 

Table 1 
Descriptive statistics.   

Oil supply shock Oil demand shock Oil risk shock Clean energy index return EPU return GPR return 

Minimum − 42.3838 − 12.4776 − 92.5740 − 12.4971 − 314.8325 − 299.5883 
Maximum 83.5996 17.5810 57.2828 14.6326 303.2457 273.6160 
25th Quartile − 1.4123 − 0.7609 − 5.6801 -0.6367 − 36.9654 − 22.0862 
75th Quartile 1.37462 0.7492 5.8166 0.7478 20.1589 37.0870 
Mean 0.0010 0.0003 0.0014 0.0553 − 7.4269 9.6630 
Stdev 3.8422 1.6226 11.2531 1.4966 49.1977 50.3090 
Skewness 3.8793 0.9527 − 0.4832 − 0.2738 − 0.0704 0.4233 
Kurtosis 117.7607 20.3054 5.1490 13.9678 2.5313 2.4276 
JB test 1285478*** 38,397.82*** 2535.581*** 18,001.21*** 594.7014*** 611.5271*** 
ADF test − 20.1809*** − 20.3609*** − 22.4459*** − 11.0410*** − 13.6118*** − 12.6473*** 

This table shows the basic information of the main variables in this paper. It includes three kinds of oil shock (supply shock, demand shock, and risk shock), returns of 
Standard & Poor’s clean energy index, economic policy uncertainty index (EPU), and geopolitical risk index (GPR). The sample period is from May 31, 2012, to Oct 26, 
2021. *** denotes the 1% significance level. 
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opposite to the conclusion of Zhang et al. (2020). 
In terms of the oil demand shock, it is clear that the demand shock 

highly positively affects the clean energy index return, no matter in 
which time scales and quantile levels (Fig. 9). There is still a slight dif
ference between the three frequencies, though. In the short term, de
mand shock mainly plays a role when the clean energy market is in a bull 
market condition (above the 0.5 quantiles). The effect of the demand 
shock on clean energy is relatively stable in the medium term, while the 
effect is greatly complex and has no rule in the long term (but also in the 
long term, it has the highest mean impact factor). The impact of the oil 
price risk shock on the clean energy index is negative and slight 
compared to the former two oil shocks (Fig. 10). Additionally, its effect 
does not change dramatically with the expansion of the time scale; 
instead, there is a steady increase of the negative impact. 

The results of the three oil price shocks are complicated but also 
follow some logical lines. Generally, crude oil, the archetypal traditional 
highly polluting fossil energy source, and clean energy, an environ
mentally friendly energy source, are both commonly used today and are 
to some extent substitutes for each other. The supply shock dis
aggregated by oil price fluctuations represents the uncertainty caused by 

changes on the supply side. Changes in the volatility of crude oil supply 
are likely to indirectly affect changes in the supply of one of its sub
stitutes, clean energy, and thus the performance of the clean energy 
market. The demand shock in oil price fluctuations represents more of a 
‘demand’ for energy from consumers around the world, while oil is a 
fossil energy source that is not renewable in the short term and is semi- 
monopolised by many suppliers. So the more extensive the shock, the 
more likely it is to lead to a focus on clean energy, as clean energy is an 
alternative to traditional energy sources such as crude oil, and its pro
duction process is faster. This may be one reason for our result-the 
impact of demand-side shocks on clean energy is much more dramatic. 

Risk shock measures a psychological expectation of market investors, 
and when such shocks occur too frequently, investors are likely to feel 
pessimistic about the market as a whole (so clean energy is also nega
tively affected), but the market volatility index takes into account many 
factors and is not limited to energy markets, so the absolute power of the 
impact on clean energy could be relatively smaller. 

As for two kinds of uncertainty related to political factors (i.e., eco
nomic policy uncertainty and geopolitical risk), the results of their in
fluence on the clean energy market seem relatively uneventful but still 

Fig. 3. Quantile granger test results between the supply shock (crude oil) and clean energy return. 
This figure shows the results of the Granger causality test between oil supply shock and the clean energy index. The red line stands for the 5% critical level. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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worth watching. From Fig. 11, we can get an interesting result that the 
impact of EPU on clean energy index return is basically positive in the 
short term but changes to all negative in the medium to long term. This 
suggests that in a state of less-than-clear economic policy trends, for the 
clean energy market, speculation may have prevailed in the short term, 
with more active clean energy trading and potentially more lucrative 
returns. However, over time, the fog of economic policy uncertainty may 
worry or deter investors, which in turn may cause a downturn in the 
clean energy market. These interesting results are similar to the results 
of Adedoyin and Zakari (2020), they claimed that EPU could improve 
the carbon emissions or the consumption of clean energy in the short 
term, while its impact in the long term will turn out to be very 
unfavorable. 

In contrast, geopolitical risk has a mostly negative effect on clean 
energy markets in the short term on most joint distributions. Its impact is 
relatively flat in the medium term, while in the long term, the impact is 
largely positive. This reflects the slightly strange phenomenon that, for 
clean energy markets, the risk posed by geopolitical conflict surprisingly 
contributes to higher returns over a longer period of time, almost the 
opposite of the outcome of economic policy uncertainty. But there are 

reasons to explain. The deployment of clean energy can affect national 
energy security or energy competitiveness between countries, so con
flicts brought about by geopolitics can also lead to a struggle over clean 
energy (Sivaram and Saha, 2018; Sweidan, 2021). On the other hand, 
when geopolitical tensions increase, clean energy as an alternative is up 
for grabs due to the many limitations of commodities such as crude oil 
(Dutta and Dutta, 2022). Overally, the results of these two politically 
relevant uncertainties form a very interesting contrast, allowing for a 
new addition to the politically relevant risk-resistant nature of the clean 
energy market. 

To sum up all the results above, we obtained that external uncer
tainty will have a significant impact on the clean energy market, and this 
will become greater as the time horizon expands. In addition, clean 
energy markets in extreme market conditions can be more susceptible to 
dramatic disruptions. 

6. Conclusion 

The clean energy market has become one of the most crucial energy 
markets and is highly visible to global stakeholders and policymakers. 

Fig. 4. Quantile granger test results between the demand shock (crude oil) and clean energy return. 
This figure shows the results of the Granger causality test between oil demand shock and the clean energy index. The red line stands for the 5% critical level. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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To clarify how resilient the clean energy market is to external distur
bances, this paper examines the impact of various external uncertainties 
on it and makes a comparison of them. We used three shocks derived 
from the decomposition of oil price changes (i.e., supply, demand, and 
risk shocks) and two political shocks (i.e., economic policy uncertainty 
and geopolitical risk) as core confounders and evaluated their effects on 
the clean energy index separately. 

Our analysis process is based on a framework of multiple frequencies 
(representing the time dimension) and multiple quantiles (representing 
the state of the market or shocks). This study decomposed the individual 
variables into six time frequency series by means of wavelet decompo
sition and divided them into short-, medium-, and long-term cases. Then 
this paper used the quantile Granger causality test method to verify the 
specific connection between each uncertainty and clean energy index. 
We find that all kinds of uncertainty can significantly Granger cause the 
clean energy index, but the clean energy index only Granger causes these 
uncertainties in rare cases. On the basis of the quantile Granger test 
results, this paper examed the specific impact of these uncertainties on 
the clean energy market performance through the quantile-on-quantile 
regression method. The outcomes of the QQ method affirmed the 

remarkable effect of these external perturbations on the clean energy 
market across diverse frequencies and distributions, thereby elucidating 
the importance of the uncertainty analysis in maintaining stability in the 
clean energy market. 

The results of this research reflect the fact that clean energy markets 
are less resilient to external uncertainties and that it is difficult for clean 
energy markets to in turn have a significant impact on these external 
factors. Fluctuations in either traditional energy or political factors can 
be strongly disruptive to clean energy markets, and their impact increase 
with the increase of time horizons overall (and interestingly, sometimes 
a shift in the direction of influence can occur). Our findings also reflect 
the inconsistency of the impact of different external uncertainties on 
clean energy markets. Among the three kinds of oil price shocks, demand 
shock has the greatest impact on the clean energy market compared with 
supply and risk shocks. The influence of oil price fluctuations on clean 
energy market is far more conspicuous than economic policy uncertainty 
and geopolitical risks. This is not only due to the discrepancies in fre
quencies and quantiles of the distribution, but also because the sources 
and pathways of action of different shocks can be notably disparate. 
When operating in the clean energy market, it is important to 

Fig. 5. Quantile granger test results between the risk shock (crude oil) and clean energy return. 
This figure shows the results of the Granger causality test between oil risk shock and the clean energy index. The red line stands for the 5% critical level. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Y. Li et al.                                                                                                                                                                                                                                        



Energy Economics 121 (2023) 106679

11

differentiate between various sources of uncertainty in order to be better 
equipped to come up with coping strategies. 

Focusing on clean energy that has the potential to balance economic 
development and environmental protection, this article reminds stake
holders of their concerns about the resilience of the clean energy market 
and looks to promote a more rational and scientific investment model. In 
addition, this article can also provide a more dimensional picture of the 
real performance of the clean energy market, which can inform the 
systemic arrangements of policymakers and regulators. Finally, this 

paper shows an intuitive link between external uncertainty and clean 
energy market performance, the channels of influence and more need to 
be explored by more scholars together. 
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Appendix A. Appendix5 

Fig. 6. Quantile granger test results between the economic policy uncertainty (EPU) and clean energy return. 
This figure shows the results of the Granger causality test between economic policy uncertainty and the clean energy index. The red line stands for the 5% critical 
level. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

5 Note: dj corresponds to the time scale 2j to 2j+1 trading days (i.e., removing of weekends, holidays and other times when various transactions do not take place). 
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Maximum overlapping discrete wavelet decomposition results of the Supply shock from 2012 to 05-31 to 2021-10-26.6 

Fig. 7. Quantile granger test results between the geopolitical risk (GPR) and clean energy return. 
This figure shows the results of the Granger causality test between geopolitical risk and the clean energy index. The red line stands for the 5% critical level. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

6 From the graphical representation of the wavelets at different levels we can also see the underlying regularities of putting these data series at different time 
frequencies. This helps us to capture the movement of market returns under different scenarios, or the degree of volatility of different shocks. 
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Fig. 8. Quantile-on-quantile regression results of the impact of the oil supply shock on clean energy (from top to bottom, in order of short, medium, and long term 
situation). 
This figure shows the results of the impact of the oil supply shock on the clean energy index. 
b0(θ, τ) is constant of the regression and b1(θ, τ) corresponds to the influence of the τ-th quantile of supply shock on the θ-th quantile of clean energy index. 
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Fig. 9. Quantile-on-quantile regression results of the impact of the oil demand shock on clean energy (from top to bottom, in order of short, medium, and long term 
situation). 
This figure shows the results of the impact of the oil demand shock on the clean energy index. 
b0(θ, τ) is constant of the regression and b1(θ, τ) corresponds to the influence of the τ-th quantile of demand shock on the θ-th quantile of clean energy index. 
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Fig. 10. Quantile-on-quantile regression results of the impact of the oil risk shock on clean energy (from top to bottom, in order of short, medium and long term 
situation). 
This figure shows the results of the impact of the oil risk shock on the clean energy index. 
b0(θ, τ) is constant of the regression and b1(θ, τ) corresponds to the influence of the τ-th quantile of risk shock on the θ-th quantile of clean energy index. 
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Fig. 11. Quantile-on-quantile regression results of the impact of the economic policy uncertainty (EPU) on clean energy (from top to bottom, in order of short, 
medium and long term situation). 
This figure shows the results of the impact of the economic policy uncertainty on the clean energy index. b0(θ, τ) is constant of the regression and b1(θ, τ) corresponds 
to the influence of the τ-th quantile of economic policy uncertainty on the θ-th quantile of clean energy index. 
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Fig. 12. Quantile-on-quantile regression results of the impact of the geopolitical risk (GPR) on clean energy (from top to bottom, in order of short, medium and long 
term situation). 
This figure shows the results of the impact of the geopolitical risk on the clean energy index. 
b0(θ, τ) is constant of the regression and b1(θ, τ) corresponds to the influence of the τ-th quantile of geopolitical risk on the θ-th quantile of clean energy index. 
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Maximum overlapping discrete wavelet decomposition results of the Demand shock from 2012 to 05-31 to 2021-10-26.

Maximum overlapping discrete wavelet decomposition results of the Risk shock from 2012 to 05-31 to 2021-10-26.

Maximum overlapping discrete wavelet decomposition results of the economic policy uncertainty (EPU) index return from 2012 to 05-31 to 2021- 
10-26. 
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Maximum overlapping discrete wavelet decomposition results of the geopolitical risk (GPR) index return from 2012 to 05-31 to 2021-10-26.

Maximum overlapping discrete wavelet decomposition results of the Clean energy index return from 2012 to 05-31 to 2021-10-26. 
We thank Zhejiang Provincial Natural Science Foundation of China under Grant No: LQ20G030019) and Natural Science Fund of Hunan Province 

(2022JJ40647). 

Appendix B. Supplementary data 

Supplementary data to this article can be found online at https://doi.org/10.1016/j.eneco.2023.106679. 
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