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Abstract: We investigated the connectedness of the returns and volatility of clean energy stock,
technology stock, crude oil, natural gas, and investor sentiment based on the time-varying parameter vector autoregressive (TVP-VAR) connectedness approach. The empirical results indicate that
the average total connectedness is higher in the volatility system than in the return system. The
investor sentiment has a weak impact on clean energy stock. Our results show that the dynamic
total connectedness across assets in the system varies with time. Furthermore, the dynamic total
connectedness increases significantly during financial turmoil. Dynamic total volatility connectedness
is more sensitive to financial turmoil. By comparing the connectedness estimated by the TVP-VAR
model with the rolling-window VAR model, we find the dynamic total return connectedness of the
TVP-VAR model is similar to the estimated results of a 200 day rolling-window VAR model.
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1. Introduction

Energy Stock? Evidence from

With the deepening of the sustainable development concept, the clean energy industry
has proliferated in recent years. Given the rapid expansion of the clean energy industry,
the performance of the clean energy industry in financial markets has attracted increased
attention from policymakers and investors. Most investors are interested in considering
clean energy stock in their asset allocation to obtain investment returns and moderate risks.
Therefore, it is essential to understand the interaction between clean energy stock and
other financial assets. The empirical literature is increasingly analyzing the interaction
between clean energy stock and other assets [1–3]. For instance, Reboredo and Ugolini [4]
found that crude oil and electricity have an essential impact on clean energy stocks by
examining the dependence between electricity, fossil energy, and clean energy stocks using
a multivariate vine copula approach. Others [5–8] analyzed the relationship between crude
oil, technology stock, and clean energy stocks, and their results indicated that clean energy
stock has a closer relationship with technology stock than crude oil.
Investor sentiment affects the attitude toward financial assets and investment decisions, and it is widely used as a behavior factor in financial research [9–11]. For example,
Ji et al. [12] analyzed spillover between WTI returns and investor sentiment indices based
on the connectedness approach, and their results showed that the influence of investor
sentiment increases significantly when oil prices are moving downward. Dergiades [13]
found that sentiment has significant predictive power with respect to stock returns in the
US economy, with a nonlinear framework. A large amount of literature provides evidence
that investor sentiment has an important impact on the financial market. However, few
studies have discussed the influence of investor sentiment on clean energy stock to the best
of our knowledge. Reboredo and Ugolini [14] examine the interactions between investor
sentiment and returns, volatility, and trading volumes of 17 clean energy companies using
the investor sentiment indices constructed by collecting the Twitter information of those
companies. Their empirical results indicated that Twitter sentiment has no sizeable impact
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on renewable energy returns, volatility, or trading volumes. Song et al. [15] employed
the Google search volume index (GSVI) as the investor sentiment index to calculate the
information spillover between investor sentiment indices, fossil energy, and three renewable (clean) energy stocks. They found that investor sentiment indices had a weak impact
on the renewable (clean) energy markets. Those are the only two papers related to the
interaction between clean energy stock and investor sentiment that we were able to find in
the literature.
The literature in this area is insufficient; therefore, it is necessary to further explore
the interaction between investor sentiment and clean energy stock in order to determine
whether investor sentiment affects clean energy stock and whether the strength of the influence on clean energy stock is essential. In addition, clean energy stock being significantly
affected by technology stock and fossil energy has been confirmed in the abovementioned
previous research. Thus, the purpose of this study was to investigate the interaction
amongst investor sentiment, fossil energy (natural gas and crude oil), technology stock,
and clean energy stock. In particular, the investor sentiment index used in this study
collects information regarding clean energy from news headlines.
The Diebold and Yilmaz connectedness approach has recently gained popularity for
analyzing the relationship between different assets in a system [16–18]. Diebold and Yilmaz [19] proposed the network connectedness approach based on the generalized variance
decompositions of vector autoregression (VAR) models and capture the dynamic connectedness indices using of rolling-window method. The Diebold and Yilmaz connectedness
approach has several advantages over other correlation analysis methods (e.g., correlation
coefficient, Granger Causality, Copula). First, the Diebold–Yilmaz approach can calculate
the direction and the accurate intensity value of connectedness across different variables.
Second, the Diebold–Yilmaz approach can measure the connectedness across multiple
variables in a system. Thus, this approach allows us to analyze the connectedness from
one variable to another variable. It can also measure the connectedness from one variable
to the rest of all variables in a system. Since the rolling-window method may lose the
observations in the rolling-window length in the sample and confront the problem of
choosing the appropriate rolling-window size, Antonakakis and Gabauer [20] extended the
Diebold and Yilmaz connectedness approach based on the time-varying parameter vector
autoregressive (TVP-VAR) model. The TVP-VAR-based connectedness approach retains
the advantage of the Diebold and Yilmaz connectedness approach in that it allows us to
quantify the intensity and direction of connectedness across different assets in a system,
but it overcomes its drawback as it is not necessary to choose the rolling-window size
and lose observations. Applications of the TVP-VAR-based connectedness approach are
increasing [21–23]; for example, Gabauer and Gupta [23] investigated the internal and
external economic policy uncertainty spillovers between the US and Japan based on the
TVP-VAR connectedness approach. Thus, we employed the TVP-VAR-based connectedness
approach to examine the dynamic connectedness across investor sentiment, fossil energy
(natural gas and crude oil), technology stock, and clean energy stock in a system. We also
compared the dynamic connectedness estimated by the TVP-VAR model with that by the
rolling-window VAR model.
The main empirical findings are summarized as follows: First, the average of total
dynamic connectedness is higher in the volatility system than in the return system. Second,
both in the return and volatility systems, the technology stock contributes the most spillover
to the clean energy stock, whereas investor sentiment transmits the least spillover to
the clean energy stock. Third, the dynamic total volatility connectedness changes more
dramatically and rapidly than return connectedness during financial turmoil. Fourth, the
dynamic total return connectedness of the TVP-VAR model is similar to the estimated
results of the rolling-window VAR model.
Our study contributions to the literature are fourfold. First, to the best of our knowledge, this is the first study to investigate the relationship among the return and volatility
of clean energy stock, technology stock, crude oil, natural gas, and investor sentiment. The
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assets considered in this study were as follows: the S&P GCE clean energy stock, NYSE
Arca technology stock, WTI crude oil, and Henry Hub natural gas. Second, we used the
investor sentiment index constructed by the information from news headlines related to
clean energy, which is different from the investor sentiment used in previous literature,
which focused on the interaction between investor sentiment and clean energy stock [14,15].
Third, we employed the TVP-VAR-based connectedness approach to calculate the dynamic
connectedness in the system. Fourth, we compared the dynamic total connectedness of the
TVP-VAR model with that of the rolling-window VAR model.
The remainder of this paper is organized as follows: Section 2 presents the empirical
method. Section 3 provides the data analysis. Section 4 reports and discusses the empirical
results. Section 5 concludes this paper.
2. Methodology
We applied the TVP-VAR-based connectedness approach proposed by Antonakakis
and Gabauer [20], who extended the connectedness approach of Diebold and Yilmaz [19],
by combining it with the TVP-VAR method of Koop and Korobilis [24]. The TVP-VARbased connectedness approach allows the variance to vary via a Kalman filter estimation
with forgetting factors.
Following Antonakakis and Gabauer [20] and Antonakakis et al. [25], the TVP-VAR(p)
model with the lag selected by the Bayesian information criterion (BIC) can be represented
as follows:
yt = Φt zt−1 + εt εt |Ωt−1 ∼ N (0, Σt )
(1)
vec(Φt ) = vec(Φt−1 ) + ξ t ξ t |Ωt−1 ∼ N (0, Ξt )

(2)

where Ωt−1 contains all the information available until t − 1; yt and zt−1 represent an N × 1
and N p × 1 dimensional vector of the observed variables, respectively; Φt is an N × N p
time-varying matrix of coefficient εt and an N × 1 dimensional vector; Σt is an N × N
time-varying variance matrix; vec(Φt ) and ξ t are N 2 p × 1 dimensional vectors; and Ξt is
an N 2 p × N 2 p time-varying variance matrix.
For estimating the Diebold and Yilmaz [19] connectedness approach based on the
generalized forecast error variance decomposition (GFEVD), we transform the TVP-VAR
model to the time-varying parameter vector moving average (TVP-VMA) model with
the Wold representation theorem after the estimation of the time-varying parameters (the
details in the estimation of the time-varying parameters and variance by the Kalman filter
are shown in Appendix A). The TVP-VMA representation can be written as:
∞

yt =

∑ Ψjt εt− j

(3)

j =0

where Ψjt is an N × N-dimensional matrix.
According to the concept of the generalized variance decomposition proposed by
Koop et al. [26] and Pesaran and Shin [27], we define the H-step-ahead generalized forecast
error variance decomposition (GFEVD) as:
2
−1 H −1
Σii,t
∑h=0 τi0 Ψh,t Σt τj


Θij,t ( H ) =
(4)
0 τ
∑hH=−01 τi0 Ψh,t Σt Ψh,t
i
where Θij,t ( H ) is the contribution of variable j to the forecast error variance of variable i at
forecast horizon H. H represents the forecast horizon, Σii,t is the ith diagonal element of
the Σ variance matrix for error vector (εij,t ), and Ψh is an N × N-dimensional matrix. τi is a
selection vector with one as the ith element and zeros otherwise.
To let the forecast error variance of variable i be 100% explained by all variables
together, we normalize the entry in the variance decomposition so that the sum of each
row equals one. The normalized GFEVD is computed as follows:
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e ij,t ( H ) =
Θ
N

N

j =1

i,j=1

Θij,t ( H )
N
∑ j=1 Θij,t ( H )

(5)

e ij,t ( H ) = 1, and ∑ Θ
e ij,t ( H ) = N. Θ
e ij,t ( H ) is defined as the pairwise directional
with ∑ Θ
connectedness from variable j to variable i at forecast horizon H.
Based on the normalized GFEVD, the total connectedness index is constructed as:
Total_Ct ( H ) = 100 ×

N
N
e
e
∑i,j
∑i,j
=1, i 6= j Θij,t ( H )
=1, i 6= j Θij,t ( H )
=
100
×
e ij,t ( H )
N
∑N Θ

(6)

i,j=1

Total_Ct ( H ) measures the total connectedness (spillover) of the system, which represents the average impact one variable has on all others in the system. The higher the total
connectedness, the closer the interrelation across variables in the system and the higher the
risk of this system.
In addition, the directional spillover transmitted from variable i to other variables
is defined as To, which represents the total directional connectedness to others, written
in Function (7); the directional spillover received by variable i from other variables is
defined as From, representing the total directional connectedness from others, shown in
Function (8);
From To or From, we can identify the impact of variable i on the system or how
variable i is affected by the system.
To_Ci→ · ,t ( H ) = 100 ×

∑ j=1 Θe
N

ji,t ( H )

(7)

j 6 =i

From_Ci← · ,t ( H ) = 100 ×

∑ i=1 Θe
N

ij,t ( H ).

(8)

i6= j

The net total connectedness of variable i is defined as the difference between To and
From, which is given by:
Net_Ci,t ( H ) = To_Ci→ · ,t ( H ) − From_Ci← · ,t ( H )

(9)

If Net_Ci,t ( H ) < 0, variable i can be considered a net receiver in the system, then this
means that the variable i receives more spillover from all other variables than spillover
transmitted from i in the system. If Net_Ci,t ( H ) > 0, variable i can be considered a net
contributor/transmitter in the system, it means the variable i transmits more spillover to
all other variables than spillover received from i in the system.
Similarly, the net pairwise directional connectedness is computed by the difference
between the spillover from variable i to variable j and the spillover received by variable i
from variable j, shown as:
e ji,t ( H ) − Θ
e ij,t ( H )
NPDCij,t ( H ) = Θ
(10)
NPDCij,t ( H ) > 0 means the variable i dominates variable j in the system. NPDCij,t ( H ) < 0
means the variable j dominates variable i in the system.
3. Data and Summary Statistics
3.1. Data
We considered the daily data of five variables in our study to analyze the connectedness measures across clean energy and other assets in the system, including clean energy
stock, natural gas, crude oil, technology stock, and the investor sentiment index. The
sample period was from 1 February 2005 to 20 December 2019. All variables were obtained
from Bloomberg, except for the investor sentiment index. Figure 1 captures the variation in
variables in the sample period.
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3.1.1. Data
Data Sources
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3.1.1.
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index
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index comprising
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The Henry
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of
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NYSE
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Tech
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as
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technology
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performance.
Arca Tech 100 index was applied as a measurement of the technology companies’ stock

performance.
3.1.2. Sentiment Analysis
news headline
3.1.2.The
Sentiment
Analysis sentiment regarding clean energy was used as a proxy of the
investor sentiment index in this study. We applied the lexicon-based approach of sentiment
The news headline sentiment regarding clean energy was used as a proxy of the inanalysis to construct the investor sentiment index with TextBlob tool. The TextBlob is a
vestor
sentiment index in this study. We applied the lexicon-based approach of sentiment
python library for processing textual data, which allows us to conduct sentiment analysis
analysis
construct
the study
investor
with
tool. The TextBlob is a
of a newstoheadline
in our
(thesentiment
details of index
TextBlob
areTextBlob
in https://textblob.readthedocs.
python
library
for
processing
textual
data,
which
allows
us
to
conduct
sentiment
analysis
io/en/dev/ (accessed on 28 May 2021)). The investor sentiment index was
constructed
in
of
a
news
headline
in
our
study
(the
details
of
TextBlob
are
in
https://textthree steps. The first step was the collection of news headline data. Then, we cleaned the
blob.readthedocs.io/en/dev/(accessed
28 MayFinally,
2021)).we
The
investorthe
sentiment
index
was
collected textual data (a preprocessing on
of data).
obtained
sentiment
polarity
constructed
in three steps.
The
step was
collection
of news
headline data. Then,
score by a sentiment
analysis
byfirst
TextBlob.
Thethe
specific
process
as follows:
First, we downloaded the news headlines dataset from Kaggle (the news headline
texts were sourced from the Australian Broadcasting Corporation (ABC)), containing all the
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news headlines on the ABC website and focused on international news. The news dataset
ranges from early 2003 to the end of 2019, collected by Rohit Kulkarni. The details on the
news dataset can be found online https://www.kaggle.com/therohk/million-headlines
(accessed on 1 March 2021)). To analyze whether investment sentiment affects clean
energy stock, we paid attention to the news headlines related to clean energy, not all news
headlines. To analyze whether investment sentiment affects clean energy stock, we paid
attention to the news headlines related to clean energy, not all news headlines. Thus, we
collected information by choosing news headlines with some keywords related to clean
energy from the raw news dataset (the keywords related to clean energy are listed in
Appendix B).
Next, we performed a preprocessing of the collected news headline textual data before
the sentiment analysis. The preprocessing procedure as follows:
(a)
(b)
(c)
(d)
(e)
(f)

converting all headlines to lower case.
converting numbers into words.
expanding abbreviations.
converting symbols into words.
removing punctuations.
removing stop words.

In the lexicon-based sentiment analysis approach, we can obtain a sentiment polarity
score of a word or sentence based on the sentiment lexicon. The sentiment polarity score
ranged between −1 and 1, where −1, 0, and 1 represent extremely negative, neutral, and
extremely positive sentiments, respectively. Our study used the TextBlob tool to calculate
the sentiment polarity score of each news headline. Since there may have been many news
headlines in a day, the daily sentiment polarity score as the investor sentiment index was
calculated as: SIt = ∑in=1 SIit /Nt , where SIit is the sentiment score of news headline i at
time t, and Nt is the number of news headline at time t.
3.2. Summary Statistics
The summary statistics of the variables are presented in Table 1. We calculated the
logarithmic returns for S&P GCE, Henry Hub, WTI, and Tech. WE obtained the volatility
of each return by fitting the AR-GARCH model. The order of AR-GARCH model was
selected using the Akaike Information Criterion: AR(4)-GARCH(1,1) for S&P GCE; AR(2)GARCH(1,1) for Henry Hub; AR(1)-GARCH(1,1) for WTI; and AR(1)-GARCH(1,1) for Tech.
Table 1. Descriptive statistics of series.
Descriptive Statistics
Mean

Skewness

S&P GCE
Henry Hub
WTI
Tech

−0.0001
−0.0003
0.0001
0.0005

−0.20
0.76
0.41
−0.07

S&P GCE
Henry Hub
WTI
Tech

0.0004
0.0012
0.0006
0.0002

SI

10.2483

Kurtosis

JB

ERS

Descriptive Statistics of the Return
14.25
17,323.00 ***
−12.37 ***
14.84
19,463.00 ***
−12.67 ***
9.61
6057.50 ***
−14.56 ***
9.18
5227.30 ***
−17.09 ***
Descriptive Statistics of the Volatility
5.84
42.02
226,800.00 ***
−3.27 ***
5.73
55.31
392,012.00 ***
−5.22 ***
4.74
33.16
136,589.00 ***
−4.59 ***
5.10
38.83
189,703.00 ***
−5.68 ***
Descriptive Statistics of the Investor Sentiment
0.28
12.65
12,761.00 ***
−21.88 ***

Note: JB, Jarque and Bera [28] normality test; ERS, Stock et al. [29] unit root test; Q (20) and
portmanteau test; *** indicates rejection of null hypothesis at 1% significance level.

Q2

Q (20)

Q2 (20)

124.95 ***
47.42 ***
46.07 ***
59.50 ***

4438.90 ***
101.87 ***
959.98 ***
1803.40 ***

31,233.00 ***
19,180.00 ***
31,159.00 ***
23,773.00 ***

28,301.00 ***
10,270.00 ***
27,158.00 ***
18,520.00 ***

9.46 ***

12.64 ***

(20), Fisher and Gallagher [30] weighted

From Table 1, we found that the means of WTI and Tech returns are positive, while
S&P GCE and Henry Hub have negative mean returns. Table 1 shows that all the series
are positively skewed except the returns of S&P GCE and Tech, and all the return and
volatility series are leptokurtic. From the results of the Jarque and Bera (JB) test [28], we
found that all the series returns and volatility are non-normally distributed at the 1%
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significance level. We must ensure all series are stationary before fitting the TVP-VAR
model. Thus, using ERS unit root test [29], we found that the null hypothesis that each
series has a unit root is rejected at the 1% significance level for all series. The results of the
weighted Ljung-Box of Fisher and Gallagher [30] indicate that all series are significantly
autocorrelated in both the series and the squared series. This implies that each series has
time-varying variances; thus, employing the TVP-VAR model in this study seemed to be
an appropriate econometric framework.
4. Empirical Results and Discussion
This section reports the results of the connectedness across S&P GCE, Henry Hub
natural gas, WTI crude oil, technology stock (Tech), and investor sentiment (SI) from
estimating the TVP-VAR-based connectedness approach proposed by Antonakakis and
Gabauer [21]. The results are based on the variance decomposition of the 10 days ahead
forecast horizon, and the lag order of TVP-VAR was selected by the Bayesian information
criterion (BIC) (the lag is one in both the return and volatility systems).
4.1. Averaged Dynamic Connectedness Measures
Tables 2 and 3 report the results of the average dynamic connectedness measures
across the returns and volatilities of S&P GCE, Henry Hub, WTI, Tech, and SI considered
in our sample using the TVP-VAR-based connectedness approach.
Table 2. Average dynamic return connectedness.

S&P GCE
SI
Henry
Hub
WTI
Tech
To
Net

S&P GCE

SI

Henry Hub

WTI

Tech

From

64.5
0.6

0.5
97.0

1.6
1.0

7.8
0.7

25.7
0.7

35.5
3.0

2.1

0.8

90.5

5.2

1.4

9.5

8.8
25.5
37.0
1.4

0.6
0.6
2.5
−0.5

4.7
0.9
8.2
−1.3

79
6.0
19.7
−1.3

6.8
67.0
34.6
1.6

21.0
33.0
Total: 20.4

Note: From, average total directional connectedness received from other variables; To, average total directional
connectedness contributed to other variables; Net, average total net connectedness (To–From); and Total, average
total connectedness.

Table 3. Average dynamic volatility connectedness.

S&P GCE
SI
Henry
Hub
WTI
Tech
To
Net

S&P GCE

SI

Henry Hub

WTI

Tech

From

63.1
0.4

1.8
98.4

2.7
0.4

11.6
0.4

20.8
0.5

36.9
1.6

3.7

0.8

87.8

3.6

4.1

12.2

9.6
26.1
39.8
2.9

1.0
1.8
5.3
3.7

4.3
2.8
10.2
−2.0

73.4
10.8
26.4
−0.2

11.7
58.5
37.1
−4.5

26.6
41.5
Total: 23.8

Note: S&P GCE, Standard & Poor Global Clean Energy Index; Henry Hub, Henry Hub Natural Gas Futures;
WTI, West Texas Intermediate Crude Oil Futures; Tech, NYSE Arca Tech 100 Index; SI, investor sentiment
index; From, average total directional connectedness received from other variables; To, average total directional
connectedness contributed to other variables; Net, average total net connectedness (To–From); and Total, average
total connectedness.

According to the definition of the connectedness index, we focused on the off-diagonal
elements, which show the directional connectedness (e.g., the ijth entry presents the average
directional connectedness from market j to market i). The From column exhibits the average
total connectedness received by one asset from all the other assets, while the to row reports
the average total connectedness transmits from one asset to all other assets in the full
sample. Net is the average net total connectedness of market i, which determines the net
transmitter (contributor) or net receiver of the connectedness in the system (To-From). Total
represents the average of the total dynamic connectedness in the system.
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S&P GCE
SI
Henry Hub
WTI
Tech
From
helps us to understand the direction and average strength of dynamic return connectedness
S&P GCE
64.5
0.5
1.6
7.8
25.7
35.5
across S&P GCE, Henry Hub, WTI, Tech, and SI over the full sample period. The results
SI
0.6
97.0
1.0
0.7
0.7
3.0
in Table 2 show that the total return connectedness was 20.4%, indicating the 20.4% total
Henry Hub
2.1
0.8
90.5
5.2
1.4
9.5
forecast error variance in the system was from crossvariables. This reveals that there was
WTI
8.8
0.6
4.7
79
6.8
21.0
an interrelation among the asset returns in the system.
TechIn the To 25.5
0.6 contributes
0.9 most to6.0the GFEVD
67.0of the other
33.0 variables in
row, S&P GCE
To
37.0
2.5
8.2
19.7
34.6
Total:
20.4 and SI
the system (37.0%), followed by Tech (34.6%), WTI (19.7%), Henry Hub (8.2%),
Net
1.4
−0.5
−1.3
−1.3
1.6
(2.5%). For the From column, S&P GCE receives 35.5% from the other variables, followed
Note:by
From,
average
totalWTI
directional
connectedness
received
from
other
variables;
To, average
Tech
(33.0%),
(21.0%),
Henry Hub
(9.5%),
and
SI (3%).
Thus,
S&P GCE was the
total directional connectedness contributed to other variables; Net, average total net connectedness
largest contributor and receiver of total return spillover, while the investor sentiment index
(To–From); and Total, average total connectedness.
transmitted and received the least return spillover in the system. With regard to Net, we
found thatthe
S&P
GCE and
Tech were the
net (total)
androw
other
assets2,were the
Following
pairwise
connectedness
results
of S&Pcontributors
GCE in the first
in Table
net
(total)
receivers
of
return
spillover
in
this
system.
we identified that Tech was the largest contributor of the S&P GCE return spillover and
Following
the pairwise
connectedness
resultsimplies
of S&Pthat
GCE
the first row
in Table 2,
SI transmits
the least return
spillover
to S&P GCE, which
theintechnology
stock
we
identified
that
Tech
was
the
largest
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Figure 2. Net pairwise directional return connectedness. Note: S&P GCE, Standard & Poor Global
Clean Energy Index; Henry Hub, Henry Hub Natural Gas Futures; WTI, West Texas Intermediate
Figure 2. Net pairwise directional return connectedness. Note: S&P GCE, Standard & Poor Global
Oil
Futures;
Tech,
NYSE
Arca
Tech
100 Index;
SI, investor
index.
CleanCrude
Energy
Index;
Henry
Hub,
Henry
Hub
Natural
Gas Futures;
WTI,sentiment
West Texas
Intermediate
Crude Oil Futures; Tech, NYSE Arca Tech 100 Index; SI, investor sentiment index.

In Figure 2, the direction of arrows is from S&P GCE to WTI, Henry Hub, and SI,
suggesting that S&P GCE contributed more return spillover to WTI, Henry Hub, and
SI than received spillover from them. Tech contributed more return spillover to S&P
GCE than S&P GCE contributed to it. It was worth noting that SI was a net pairwise
connectedness receiver of other variables in the return system, which suggested that other
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variables significantly impact SI in the full sample. As mentioned earlier, the thickness of
the edges is the strength of net pairwise connectedness; the thicker the edge, the greater
the difference between the two variables’ pairwise directional spillover. We concluded that
the net pairwise directional connectedness between S&P GCE and WTI was highest from
the finding of the thickest edge in the network being between S&P GCE and WTI.
The volatility connectedness indices across five variables in the full sample are presented in Table 3. The total volatility connectedness was 23.8%, which is higher than the
total return connectedness (20.4%), suggesting a higher level of information transmission
across the assets in the volatility system.
Per the From and To in Table 3, Tech received the most volatility spillover (41.5%)
from the other variables, while S&P GCE was the most significant contributor (39.8%) of
the volatility spillover in this system. In terms of the net (total) connectedness index, S&P
GCE and SI were the net volatility contributors; and Henry Hub, WTI, and Tech were
the net receivers of volatility connectedness, which is slightly different from the return
connectedness result.
As shown by the pairwise connectedness results of S&P GCE in Table 3, Tech still
transmitted the most spillover to the S&P GCE volatility, whereas SI contributed the least
volatility spillover to S&P GCE.
Overall, both in the return and volatility systems, S&P GCE received more spillover
from Tech than from Henry Hub and WTI, which implies that the relationship between
clean energy stock and technology stock was closer than the relationship between clean
energy stock and fossil fuel commodities. Our results are consistent with previous literature [4,7,31]. For example, Sadorsky [7] analyzed the relationship between clean energy
companies’ stock prices, technology companies’ stock prices, and oil prices. The results
showed that the clean energy companies’ stock prices more strongly correlated with technology stock prices than oil prices. According to our findings, the investors interested in
clean energy stock should consider fossil fuel commodities in their portfolio to increase
their diversification benefits.
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4.2. Dynamic Connectedness Measures
The full-sample results presented in Tables 2 and 3 only consider the average dy-
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4.2. Dynamic Connectedness Measures
The full-sample results presented in Tables 2 and 3 only consider the average dynamic
spillover indices over the whole sample period and ignore the variation in the spillover
indices over time in the sample. Therefore, we focused on the dynamic connectedness
across S&P GCE, Henry Hub natural gas, WTI crude oil, technology stock, and investor
sentiment over time.
4.2.1. Dynamic Total Connectedness Analysis
The dynamic total return connectedness is plotted in Figure 4. The dynamic total
return connectedness index ranged between 12% and 35% and changed considerably over
time, which implies that the degree of information transmission across assets in this system
varied with time. From Figure 4, several significant spikes can be observed during the
periods of 2008–2009, 2011–2012, and 2018–2019, with an approximately 20% uplift in the
total connectedness during those periods. Those could be attributed to emergency events,
such as the global financial crisis in 2008, the European sovereign debt crisis in 2011, and the
China–United States trade war in 2018. In line with previous literature [32–34], our study
provides evidence that supports the notion that the connectedness across different assets
Energies 2021, 14, x FOR PEER REVIEWincreases rapidly during financial turmoil. The dynamic connectedness exhibited some
11 of 22
significant decreases (e.g., 2012–2014) after the turmoil in the financial market; a reasonable
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Interestingly, the trend in dynamic total return connectedness based on the TVP-VAR
is similar to the dynamic total return connectedness based on the traditional VAR-based
Diebold–Yilmaz approach. Furthermore, the traditional dynamic total return connectedness shows the same sharp fluctuations during the financial turmoil. We also found that
the strength of the dynamic connectedness indices estimated by the traditional
11 ofVAR
21
changes with a rolling-window size; the trend in connectedness indices becomes flat with
a larger window length (we present the comparison of dynamic total spillover with different window lengths in Figure A1 in Appendix B). In other words, the VAR-based conwindow lengths in Figure A1 in Appendix B). In other words, the VAR-based connectedness
nectedness measures with a rolling window may ignore some variation in connectedness
measures with a rolling window may ignore some variation in connectedness in the sample,
in the sample, which may affect investment decisions.
which may affect investment decisions.
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In Figure 7, we compare the volatility connectedness calculated by the dynamic
nectedness measures based on the TVP-VAR with that of the 200 day rolling-window
VAR model. Though the volatility connectedness estimated based on the VAR model
showed
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Figure 7. Dynamic total volatility connectedness (TVP-VAR vs. VAR). Note: the horizontal axis is the timeline; the vertical
axis is the connectedness.
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Figure 8. Dynamic net return connectedness. Note: the horizontal axis is the timeline; the vertical axis is the connectedness.

Figure 9. Dynamic net return connectedness. Note: the horizontal axis is the timeline; the vertical axis is the connectedness.
Figure
9. Dynamic net return connectedness. Note: the horizontal axis is the timeline; the vertical axis is the connectedness.
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Specifically, we constructed a system comprising S&P GCE clean energy stock, NYSE
Arca technology stock, WTI crude oil, Henry Hub natural gas, and investor sentiment,
using a TVP-VAR-based dynamic connectedness approach. To the best of our knowledge,
no study has previously covered this field in the literature, and our study fills this gap.
Moreover, we compared the dynamic total connectedness estimated by the TVP-VARbased connectedness approach and that was estimated by the rolling-window VAR-based
connectedness approach.
The main empirical results are as follows: First, the average total dynamic connectedness was higher in the volatility system than in the return system. Second, both in the
return and volatility systems, the technology stock contributed the most spillover, while
investor sentiment transmitted the least spillover, to the clean energy stock. Third, the
dynamic total connectedness across assets in terms of return and volatility varied with
time and showed a noticeable increase during financial turmoil. We also found that the
dynamic total volatility connectedness changed more dramatically and rapidly during
abrupt events. Fourth, the dynamic total return connectedness of the TVP-VAR model is
similar to the estimated results of a 200 day rolling-window VAR model.
The innovation of this study as follows: First, to the best of our knowledge, this is the
first study to examine the interaction of the return and volatility of S&P GCE clean energy
stock, NYSE Arca technology stock, WTI crude oil, Henry Hub natural gas, and investor
sentiment. Second, we employed an investor sentiment index by collecting the information
from clean-energy-related news headlines. The main differences in this index compared to
other indexes used for analyzing investor sentiment and clean energy are the information
sources and lengths. The length of our investor sentiment series is over a decade. Thus,
one advantage of this investor sentiment index is that it covers enough information so
that variations in the sample caused by some financial crises in past times are not lost due
to too short a time period. Third, we used a TVP-VAR-based connectedness approach to
calculate the dynamic connectedness across assets in the return and volatility systems. The
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approach allowed us to quantify the intensity and direction of dynamic connectedness
across different assets in the system. The approach does not lose observations or variation in
the sample period compared with the rolling-window VAR-based connectedness approach.
Our study findings have some implications for policymakers and investors in the
clean energy market. It is crucial for policymakers to strengthen the stability of the clean
energy markets against exposure to risks, especially during financial turmoil. According
to our evidence of the close interaction between clean energy stock and technology stock,
they should pay close attention to technology company stock behavior and related policies
to consider the adjustment of policies or actions in time to promote the development of
clean energy. Since the connectedness across assets is dynamic and rises rapidly during
financial turmoil, investors may adjust their investment portfolios and strategies in a timely
manner to mitigate or circumvent losses. The investor sentiment had the weakest average
impact on the clean energy stock over the full sample period. However, the impact of
investor sentiment on clean energy stock and other variables volatilities increase greatly in
most economic events in the sample period. Therefore, policymakers and investors should
focus on investor sentiment in economic events because investor sentiment causes great
fluctuations in clean energy stock volatility. In addition, the directional connectedness
between natural gas and clean energy stock is the lowest; thus, considering natural gas
in the clean energy portfolio may relatively reduce risk and improve the performance of
the portfolio.
Some previous literature [35–37] had emphasized the importance of asymmetric
conditional correlation in financial markets. Therefore, it would be interesting to compare
the conditional correlation with dynamic pairwise connectedness in our future analysis.
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Appendix A
The TVP-VAR is defined as:
yt = Φt zt−1 + εt

εt |Ωt−1 ∼ N (0, Σt )

vec(Φt ) = vec(Φt−1 ) + ξ t ξ t |Ωt−1 ∼ N (0, Ξt )

(A1)
(A2)

where Ωt−1 contains all the information available until t − 1. yt and zt−1 represent an N × 1
and N p × 1 dimensional vector of the observed variables, respectively. Φt is an N × N p
time-varying matrix of coefficient εt and an N × 1 dimensional vector, and Σt is an N × N
time-varying variance matrix. Additionally, vec(Φt ) and ξ t are an N2 p × 1 dimensional
vector, and Ξt is an N2 p × N2 p time-varying variance matrix.
This study employs the noninformative prior, and the prior parameters Φ0 and Σ0 are
set as follows:

vec(Φ0 ) ∼ N (vec 0, N − p ·I Σ0 = Cov(y)
The Kalman filter estimation controls how fast the estimated coefficients vary over
time via the forgetting factors (0 ≤ κi ≤ 1). Following Chatziantoniou and Gabauer [38],
we also set the forgetting factor κ1 = κ2 = 0.99.
Hence, the multivariate Kalman filter can be formulated as follows:
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vec (Φt )|z1:t−1 ∼ N vec, Φt|t−1 , ΣΦ
t | t −1
Φt|t−1 = Φt−1|t−1
εt = yt − Φt|t−1 zt−1
Σt = κ2 Σt−1|t−1 + (1 − κ2 )ε0t εt


Ξt = 1 − κ1−1 ΣΦ
t −1| t −1
Φ
ΣΦ
t | t −1 = Σ t −1| t −1 + Ξ t

0
Σ t | t −1 = zt −1 Σ Φ
t | t −1 zt −1 + Σ t

We update Φt , ΣΦ
t , and Σt , given the information at time t as follows:


vec (Φt )|z1:t ∼ N vec, Φt|t , ΣΦ
t|t

Φt|t

−1
0
Kt = Σ Φ
t | t −1 zt −1 Σ t | t −1


= Φt|t−1 + Kt yt − Φt|t−1 zt−1
Φ
ΣΦ
t | t = (I − Kt ) Σ t | t −1

εt|t = yt − Φt|t zt−1
Σt|t = κ2 Σt−1|t−1 + (1 − κ2 )ε0t|t εt|t
where Kt represents the Kalman gain that explains by how much the parameters Φt should
be changed in the given state.
Appendix B
Table A1. Keywords used to collect news headlines related to clean energy.
biodiesel

photovoltaic system

solar resource

bioenergy

photovoltaics

solar techniques

biofuel

pollution free energy

solar thermal

biomass

power generation

solar thermal collector

carbon neutral

renewable

solar thermal energy

clean energy

renewable energy

solar thermal power systems

climate

renewable heat

solar tower

climate change

renewable thermal energy

solar towers

concentrated solar power

renewables power capacity

solar tracker

energy

solar

solar water heater

environment

solar air

sustainable

environmental

solar air conditioning

tidal

genesis solar energy project

solar air heat

tidal energy

geothermal

solar air heating

tidal power

geothermal development

solar cell

variable renewable energy

geothermal energy

solar cell efficiency

water power

geothermal heat pumps

solar cells

watermill

geothermal power plants

solar collector

watermills

global warming

solar combisystem

wave

green

solar cooker

wave energy

green energy

solar desalination

wave energy converter

green waste

solar energy

wave farm projects

ground source heat pump

solar energy generating
systems

wave hub
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hydroelectric

solar energy project

wave power

hydroelectric power

solar fuel

waves and tides

hydroelectric power plants

solar furnace

wind

hydroelectricity

solar generating station

wind energy

hydropower

solar heat

wind farm

hydropower resource

solar heating

wind farms
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