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Abstract 

This paper examines how clean investments across different sectors respond to economic policy 
uncertainty (EPU) using the NASDAQ OMX Green Economy sectoral Indexes. We rely on Wavelets 
and the Cross-quantilogram techniques to examine the dependence and directional predictability from 
EPU to each sector's clean energy stock prices. Our results highlight evidence in support of strong 
heterogeneous dependence and directional predictability of sectoral clean energy returns from EPU 
across different market conditions and investment horizons. Second, we employ the Time-Varying 
Parameter-VAR (TVP-VAR) model with stochastic volatility to characterize the level of integration 
between clean energy sectors and EPU under different investment horizons. We find that the level of 
connectedness is weak in the short-term but becomes stronger in the medium- and long-term. 
Nonetheless, we distill some important heterogeneities in the predictive power of EPU for the different 
sectors across different investment horizons. Taken together, our results demonstrate that the direction 
and magnitude of the response of clean energy stock prices to EPU vary across sectors and depend on 
market conditions and horizons. This offers diversification benefits to investors and portfolio managers 
that may be interested in clean energy stocks across sectors, market conditions, and horizons. 
 
Keywords: Economic-policy uncertainty; Clean-energy equities; Sectoral analysis; Time-
frequency domains; Spillover; Directional predictability  
JEL Classification: G10; Q42; R11 
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1 Introduction 

The importance of energy to the functioning of daily socioeconomic activities across the globe 

cannot be overemphasized. While fossil fuels are considered dirty energy sources, they 

constitute an essential component of the global energy source, providing economic actors the 

means to meet their energy needs such as lighting up homes, streets, and schools, commuting 

to work and moving goods, capital, and labor both within and across the border. Over the past 

decade, however, the continuous global pressures to transition to alternative energy sources 

due to energy security and climate-related issues that are associated with fossil fuels, have 

intensified investments in clean energy sources such as solar, wind, and hydro-power (Eyraud 

et al., 2011; Akhmat et al. 2014; Auffhammer & Mansur, 2014; Elie et al., 2019; Zhao, 2020). 

For instance, the Finance, Bloomberg New Energy (2018) reports that between 2004 and 2017, 

new investment in clean energy increased from U.S$62 billion to U.S$280 billion globally. 

 

Amid this rise in the importance of clean energy sources, empirical analysis of the stock market 

performance of clean energy firms has proliferated for at least two reasons. First, investing in 

clean energy requires well-developed funding mechanisms, which stock markets provide 

(Kocaarslan & Soytas, 2019). Second, investors and energy policy analysts need more 

information on the dynamics of clean energy stocks to determine whether they are good 

investment opportunities, make sound portfolio allocation decisions, and determine hedging 

strategies. To date, studies on the stock market performance of clean energy firms have largely 

focused on the role of oil price changes or oil market uncertainty. In this paper, we focus on 

the role of economic policy uncertainty, paying particular attention to the heterogeneous 

response of different clean energy sectors across time scales and investment horizons. 

 

Economic policy uncertainty refers to uncertainties regarding fiscal, monetary, and regulatory 

policies (Brogaard & Detzel, 2015; Baker et al., 2016). It escalates risk premium and causes 

delays in individual and business spending until it is resolved (Brogaard & Detzel, 2015). Clean 

energy sources compared to fossil fuels are nascent and, therefore, highly supported by the 

government through financial subsidies, investment tax credits, accelerated depreciation, 

transfer payments, and preferential tax policies (Zhao, 2020). Hence, it is presumed that clean 

energy stocks would be more vulnerable to economic policy uncertainty. Despite this obvious 

connection between economic policy uncertainty and clean energy stock, the literature 

examining such a nexus is limited with Ji et al. (2018) and Zhao et al. (2020) being the only 
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exception. However, these previous studies do not consider how green investments across 

different sectors respond to economic policy uncertainty. From a risk management and energy 

policy perspective, such heterogeneous analysis is important to make any informed portfolio 

diversification decisions and determining hedging strategies. 

 

Against this background, our study contributes to the literature on clean energy stock market 

performance by examining the interactions between clean energy sectors in the presence of 

economic policy uncertainty. Particularly, we make three notable contributions to the literature. 

First, using the wavelets approach, we provide an in-depth analysis of the dependence and 

directional predictability from economic policy uncertainty to the performance of clean energy 

sectors across different time scales. Particularly, unlike past studies that have investigated the 

relationship between clean energy stocks and other financial assets using composite market 

indexes that cover the entire green energy market (see Henriques & Sadorsky, 2008; Uddin et 

al., 2019), and regional green energy markets such as in Urom et al. (2021), we focus on six 

clean energy sectors including the building, economy, edge, financial, technology, and 

transport sectors. We examine the co-variance and co-movement of their performance with 

economic policy uncertainty across different time domains. In doing so, we consider in detail, 

how the performance of each clean energy sector may be influenced by the changes in the level 

of economic policy uncertainty across three different investment horizons such as short-, 

medium, and long term. 

 

Methodologically, our study differs from both Ji et al. (2018) and Zhou et al. (2019) which, 

respectively, use CoVar and VAR models but do not consider sectoral heterogeneities in clean 

energy investments. Secondly, we measure the strength of dependence and directional 

predictability of the performance of each clean energy sector from economic policy uncertainty 

across the short-, medium- and long-term investment horizons. To serve this objective, we rely 

on the cross-quantilogram approach of Han et al. (2016). This method extends the single time-

series quantilogram introduced in Linton and Whang (2007). This enables us to quantify the 

heterogeneous dependence and influence of changes in investors’ perception of the impact of 

fluctuations in the general macroeconomic conditions on green energy investments across 

different sectors. Besides, the empirical design of the cross-quantilogram approach permits us 

to examine dependence and directional predictability across nine quantiles of each returns 

distribution, enabling us to investigate the dynamics in dependence and directional 
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predictability across both the bearish, normal, and bullish market conditions for each green 

energy sector. 

 

Thirdly, we characterize the degree of integration among the performance of investments in 

green energy across the six chosen sectors in the presence of economic policy uncertainty using 

the set of eight-time scales, representing more detailed information of the true data. 

Specifically, we examine the corresponding time-varying integration of green energy sectors 

and uncertainties in the general macroeconomic condition in each scale and time horizon using 

the Time-Varying Parameter VAR (TVP-VAR) model with stochastic volatility. By so doing, 

we provide crucial insights on the heterogeneous level of integration, net-directional spillovers, 

diversification opportunities, and the vulnerability of each green energy sector to shocks in 

other green energy sectors under uncertainties in economic policy uncertainties across different 

investment horizons. 

 

The rest of the paper is structured as follows. The next section presents an overview of the 

extant literature examining the interaction between renewable energy stocks and economic 

policy uncertainties. The research design including the data and empirical strategy is described 

in section three. Section four presents and discusses the results of the empirical analysis, while 

section five presents the conclusion of the study. 

 

2 Literature review 

Although the empirical analysis of the performance of clean energy stocks is somewhat 

nascent, existing studies are humongous, and an exhaustive survey of this literature is beyond 

the scope of the current study. However, within the broad literature, our research relates closely 

with those that deal with the interaction between clean energy stock prices and EPU. Empirical 

evidence on the impact of EPU impacts on other asset classes appears relatively scanty and not 

difficult to find (Lundgren et al., 2018). Conceptually, while EPU intensifies financing friction 

in the capital market, clean energy compared to fossil fuels is nascent and highly dependent on 

government policies, making them more vulnerable to policy uncertainties. To this end, Ji et 

al. (2018) compared the impact of uncertainty from the financial market, oil market, and 

economic policy on the energy stock market. They conclude that policy uncertainty has a 

weaker effect than the other two factors. They also find that policy uncertainty is more 

important in the context of renewable energy stocks than for conventional energy stocks. 
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On the other hand, Zhao (2020) investigates both the effects of oil price shocks and policy 

uncertainty on the stock returns of clean energy companies using a structural VAR model. The 

results underline that oil supply shocks and aggregated demand shocks have a positive effect 

on the returns of clean energy companies, while policy uncertainty shocks and oil shocks have 

a negative effect. In addition, the effects of oil shocks on the returns of clean energy stocks are 

amplified by the addition of political uncertainty as an endogenous factor in the model, the 

impact of which is mainly transmitted by the uncertainty of inflation. Somewhat differently, 

Liu et al. (2020) test the differential impact of EPU on investment energy enterprises in China 

and find that EPU significantly inhibits traditional energy enterprises' investment but promotes 

the investment of renewable energy enterprises. Moreover, Sendstad and Chronopoulos (2020) 

develop a real options framework to analyze the impact of technological, policy, and electricity 

price uncertainty on the decision to invest in clean energy technologies. Results from the 

empirical exercise suggest that greater policy uncertainty affects incentives to invest in clean 

energy technologies. 

 

Furthermore, Henriques and Sadorsky, (2008) estimate a four-variable VAR model to 

investigate the empirical relationship between clean energy stock prices, technology stock 

prices, oil prices, and interest rates. They find that movements in oil prices, technology stock 

prices, and interest rates explain the movements of clean energy stock prices. Simulation 

results, however, reveal that a shock to technology stock prices has a larger impact on clean 

energy stock prices than does a shock to oil prices. Applying a similar approach as in Henriques 

and Sadorsky (2008) to a more updated dataset, Kumar et al. (2012) confirmed similar 

influential abilities of oil and technology in explaining variations in clean energy stock prices. 

Sadorsky (2012), for instance, employed four different multivariate GARCH models to analyze 

the volatility spillovers between oil prices and the stock prices of clean energy companies and 

technology companies. The results show that the stock prices of clean energy companies 

correlate more highly with technology stock prices than with oil prices. 

 

From the foregoing, it is safe to argue that the extant studies may offer some important insights 

into the impact of EPU on clean energy stock market prices. Despite this, these studies are 

limited in that they largely focus on aggregate clean energy stocks, suggesting that we still have 

a limited understanding of the heterogeneous response of different clean energy sector stocks 

to changes in EPU. In this paper, we aim to contribute to the literature on clean energy stock 

market performance by examining the impact of EPU on sectoral clean energy stocks in the 
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United States. More specifically, we use wavelet and cross-quantilogram approaches to provide 

an in-depth analysis of the dependence and directional predictability from economic policy 

uncertainty to sectoral clean energy stock prices under different time scales and market 

conditions. We also use the Time-Varying Parameter (TVP-VAR) model with stochastic 

volatility to characterize the level of integration between these clean energy sectors and EPU 

under different investment horizons. In this way, and as an extension of previous studies, we 

provide a more comprehensive analysis of the heterogeneous response of different sectoral 

clean energy stock prices to EPU under different time scales and investment horizons. 

 

3. Data and empirical strategy 

3.1 Data 

To examine the dependence and directional predictability from economic policy uncertainty to 

sectoral renewable energy stocks in the U.S., we rely on the NASDAQ OMX Green Economy 

Index family which contains sector-level green energy equity indexes. Specifically, we use the 

NASDAQ OMX Green Building (bld), NASDAQ OMX Green Economy (eco), NASDAQ 

Clean Edge Green Energy (edge), NASDAQ OMX Green Financial (fin), NASDAQ OMX 

Green IT (tech), and NASDAQ OMX Green Transportation (trn) as representatives of sector-

level U.S. green equity market performance for building, economy, edge, financial, technology 

and transport sectors, respectively. These Indexes are designed to capture the performance of 

companies across the range of industries most closely connected with the economic model 

around sustainability.  

 

Descriptively, the NASDAQ OMX Green Building Index tracks companies participating in 

advanced designs for retrofits and new buildings that lead to dramatic efficiency gains in energy 

and water consumption. NASDAQ OMX Green Economy Index tracks the performance of 

companies across the spectrum of industries most closely associated with the economic model 

around sustainable development through every economic sector. NASDAQ Clean Edge Green 

Energy (edge) tracks the performance of companies that are primarily manufacturers, 

developers, distributors, and/or installers of clean energy technologies. NASDAQ OMX Green 

IT tracks companies that provide solutions that help companies decrease energy consumption 

by enabling collaboration online, efficient data centers, computer networks, and virtualization 

software. Finally, NASDAQ OMX Transportation Index tracks companies focused on 

efficiency gains and pollution reduction associated with automobiles, trains, and other modes 

of transportation. 
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We rely on the Economic Policy Uncertainty Index for the U.S. (EPU) of Baker et al. (2016) 

as proxies for uncertainties in the U.S. macroeconomic space. By considering companies across 

the sectors of the U.S. economy, these indexes offer closer views of the dependence of each 

sector's green energy equity market on uncertainties in economic policy. We sourced the daily 

spot prices on sectoral NASDAQ OMX Green Economy Indexes from Quandl while data for 

epu are from the St. Louis FRED database. All data series covers the period from November 

10, 2010 (due to the start date for NASDAQ OMX Green Economy index) to August 19, 2020. 

All daily series are converted to log returns by taking the log difference of index values. We 

present the evolution of EPU in Figure 1 and sectoral green equity market prices and returns in 

Figure 2. In all cases, we can deduce that sectoral green energy equity prices are trending 

upwards, especially in recent times. Regarding the uncertainty index, we observe an increased 

level of EPU during the recent volatile economic situation orchestrated by the COVID-19 

health crisis. There is also clear evidence of the impact of the pandemic on returns for all the 

sectoral green energy markets as shown by high volatility clusters around the period of the 

pandemic. 

 

[Insert Table 1 about here] 

 

Furthermore, Table 1 presents the descriptive statistics for all return series. We observe that all 

the sectors of green energy stocks have positive mean returns and that the financial (fin) and 

Information Technology (tech) sectors exhibit the highest mean return while it is least for the 

Edge (edge) sector. All the return series are negatively skewed and have excess Kurtosis. Also, 

following the Jarque-Bera (J-B) and ADF tests, we can reject the null hypothesis of normality 

and the presence of unit root for all the series. The ADF test confirms that all the return series 

are stationary while the Brock-Dechert-Scheinkman (BDS) test for non-linearity proposed by 

Brock et al. (2001) suggests that all sector returns are non-linear in nature. This is because we 

can reject the hypothesis of linearity for all the series. The stationarity and non-linearity of all 

the series permit us to apply a non-linear econometric approach such as the cross-quantilogram 

going forward. In Figure 3, we present the unconditional correlations using a heat map. We can 

find that correlation are positive across all sectors and EPU. 
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3.2 Empirical strategy 

3.2.1 Wavelet multiscale decomposition 

The wavelet analysis decomposes an original time series into different time-frequency domain 

data, thereby conveying crucial information in the time and frequency domain. Unlike most 

financial econometric approaches, the wavelet transform allows a two-dimensional analysis 

that captures the multiscale information content of a time series. This property has made 

wavelet analysis an effective mathematical tool in the analysis of dynamic interactions between 

two-time series under different time-frequency domains. Traditionally, wavelet analysis 

requires both the orthogonal and normalized bases derived from a dyadic categorization and 

translation of a pair of specially designed functions 𝜑 and 𝜓, named father wavelet and mother 

wavelet respectively. The father wavelet may be defined as: 

 

𝜑௝,௞ ൌ െ2ି௝ ଶ⁄ 𝜑 ቊ
𝑡 െ 2௝𝑘

2௝
ቋ  𝑤𝑖𝑡ℎ න𝜑ሺ𝑡ሻ𝑑𝑡 ൌ 1,                                     ሺ1ሻ 

 ,  

while the mother wavelet is expressed as follows: 

 

𝜓௝,௞ ൌ െ2ି௝ ଶ⁄ 𝜓 ቊ
𝑡 െ 2௝𝑘

2௝
ቋ  𝑤𝑖𝑡ℎ න𝜓ሺ𝑡ሻ𝑑𝑡 ൌ 0                              ሺ2ሻ 

 

The father wavelet captures the smooth and low-frequency parts of the time series while the 

detail and high-frequency series are captured by the mother wavelet. The smooth coefficient 

derived from the father wavelets is denoted as follows: 

 

𝑆௝,௞ ൌ න𝑓ሺ𝑡ሻ𝜑௃,௞                                                                              ሺ3ሻ 

 

The detail coefficients derived by the mother wavelet are defined as follows: 

 

𝑑௝,௞ න𝑓ሺ𝑡ሻ𝜓௃,௞  𝑤𝑖𝑡ℎ 𝑗 ൌ 1 … … … . . 𝐽                                    ሺ4ሻ 
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The maximal scale of the father wavelets is 2௝  while the detailed series derived from the mother 

wavelets are captured from at all scales from 1 to 𝐽. The function 𝑓ሺ൉ሻ of a time series may be 

defined as follows: 

 

𝑓ሺ𝑡ሻ ൌ෍𝑠௝,௞𝜑௝,௞ሺ𝑡ሻ
௞

൅  ෍𝑑௝,௞𝜓௝,௞ሺ𝑡ሻ
௞

൅෍𝑑௝ିଵ,௞𝜓௝ିଵ,௞ሺ𝑡ሻ
௞

൅ ⋯൅෍𝑑ଵ,௞𝜓ଵ,௞ሺ𝑡ሻ
௞

       ሺ5ሻ 

 

where 𝜑 and 𝜓 are father and mother wavelets while 𝑠௝,௞𝑑௝,௞. Equation 5 may be simplified as 

follows: 

  

𝑓ሺ𝑡ሻ ൌ 𝑆௃ ൅ 𝐷௃ ൅ 𝐷௃ିଵ ൅ ⋯൅ 𝐷௝ ൅⋯൅ 𝐷ଵ                                            ሺ6ሻ 

 

while the orthogonal components are defined as follows: 

  

𝑆௃ ൌ෍𝑆௝,௞𝜑௝,௞ሺ𝑡ሻ
௞

                                             ሺ7ሻ 

 

𝐷௃ ൌ෍𝑑௝,௞𝜓௝,௞ሺ𝑡ሻ
௞

.   𝑗 ൌ 1, … 𝑗                        ሺ8ሻ 

 

where 𝐷௝  denotes the frequency components that capture short-, medium- or long-term changes 

due to shocks from the time scale 2௝  while the residual derived after removing 𝐷ଵ …𝐷௝  from 

the original series is captured by 𝑆௝. Given that we used daily data and that a moderate filter is 

arguably most suitable for financial data such as clean energy equity returns, we specify 𝐽 ൌ

 8 for the multi-resolution level 𝐽. This multiscale decomposition enables us to capture eight 

levels of detail corresponding to the highest frequency component 𝐷ଵ realized from a time scale 

of 2ଵ ൌ 2 days, representing the daily effects. More so, the 𝐷ଶ corresponds to variations in the 

time scale 2ଶ ൌ 4 days, showing the weekly effects while components 𝐷ଷ,𝐷ସ,𝐷ହ,𝐷଺,𝐷଻, and 

𝑠଻ capture variations across the medium 2ଷ ൌ  8 days to the long-term periods 2଼  ൌ  256 days, 

respectively. 

 

We rely on the Maximal Overlap Discrete Wavelet Transform (MODWT) to estimate the scales 

and wavelet coefficients. The MODWT has become widely used in previous studies for several 
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reasons. For instance, Mishra et al. (2019) note that unlike the Discrete Wavelet Transform 

(DWT), it does not suffer from any limitation regarding the sample size. Also, whereas the 

DWT employs weighted differences and makes an average of attached sets of observations, 

MODWT employs moving difference and average operator, thus keeping the exact number of 

observations at each wavelet decomposition scale. 

 

3.2.2 The wavelet-based cross-quantilogram 

After retrieving the wavelet decomposed series for all the variables used in this study, we 

proceed to use the cross-quantilogram of Han et al. (2016) for testing the dependence between 

each sectoral clean energy stock returns and EPU. Specifically, we examine whether significant 

positive or negative dependence exists between these variables across different time scales and 

different quantiles of their distributions. To do this, we rely on the cross-quantilogram approach 

proposed by Han et al. (2016), which extends the single time-series quantilogram technique of 

Linton and Whang (2007). Assume that the conditional distribution function of two strictly 

stationary time series (𝜃ଵ௧ ) given 𝜃ଶ௧with density function 𝑓ఏ೔|௫೔ (.|𝑋௜௧ሻ, the corresponding 

conditional quantile function may be defined as: 

 

                     𝑞௜,௧ሺ𝛼௜ሻ ≡ 𝑖𝑛𝑓𝜈:𝐹ఏ೔|௫೔(.|𝑋௜௧ ൒ 𝛼௜ሻ 𝑓𝑜𝑟 𝛼௜ ∈ ሺ0,1ሻ,𝑓𝑜𝑟 𝑖 ൌ 1,2                           ሺ9ሻ 

 

In this paper, we set 𝜃ଵ௧  as epu and 𝜃ଶ௧  as different scales of each sectoral clean energy stock 

(bld, eco, edge, fin, tech, trn) respectively. If α is the range of quantiles, the cross-quantilogram 

measures the serial dependence between two events such as {𝜃ଵ௧ ൑ 𝑞ଵሺ𝛼ଵሻ} and {𝜃ଶ௧ ൑

𝑞ଶሺ𝛼ଶሻ} for arbitrary quantiles. The quantile-hit or quantile-exceedance process for 𝑖 ൌ  1,2 

may be expressed as { 1ሾ𝜃௜௧ ൑ 𝑞௜ሾ൉ሿሿ }. Consequently, the cross-quantilogram which is 

measured as the cross-correlation of the quantile-hit process of 𝛼-quantile with 𝑘 lags may be 

defined as follows: 

  

𝜌ఈሺ𝑘ሻ ൌ
𝐸ሾΨఈଵ

ଶ ሺ𝜃ଵ,௧ െ 𝑞ଵሺ𝛼ଵሻሻΨఈଶሺ𝜃ଶ,௧ି௞ െ 𝑞ଶሺ𝛼ଶሻሿ

ට𝐸ሾΨఈଵ
ଶ ሺ𝜃ଵ,௧ െ 𝑞ଵሺ𝛼ଵሻሻሿට𝐸ሾΨఈଶ

ଶ ሺ𝜃ଶ,௧ െ 𝑞ଶሺ𝛼ଶሻሻሿ
                             ሺ10ሻ 

 

For 𝑘 ൌ  0,േ1,േ2, .. .. where Ψఈሺ𝜈ሻ  ≡  1ሾ𝜈 ൏  0ሿ െ 𝛼, 1ሾ൉ሿ  is the indicator function, and 

1ሾ𝜃ଵ,௧ ് 𝑞௜ሺ𝛼௜ሻሿ  denotes the quantile-hit or quantile-exceedance process. Given 𝛼 ൌ

ሺ𝛼ଵ,𝛼ଵሻ ൌ ሺ𝛼ଵே,𝛼଴ேሻ   as an instance, 𝜌ఈሺ1ሻ captures the cross-correlation between epu that 
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are below or above quantile 𝑞଴ேሺ𝛼଴ேሻ on day 𝑡 and the sectoral clean energy returns on day 𝑡 

being below or above quantile 𝑞ଵேሺ𝛼ூேሻ. Ideally, if 𝜌ఈሺ1ሻ ൌ  0, epu being below or above 

quantile 𝑞଴ேሺ𝛼଴ேሻ on day 𝑡 does not always permit the prediction of whether the subsequent 

returns on sectoral clean energy will be above or below quantile 𝑞ଵேሺ𝛼ூேሻ on the next day. 

Contrarily, 𝜌ఈሺ1ሻ ് 0 reflects one-day directional predictability from epu to the returns on 

sectoral clean energy at α = 𝑞ଵሺ𝛼ଵሻ 

 

As noted in Zhou et al. (2019), a sampled analog of the cross-quantilogram given the series 

ሼ𝜃ଵ௧ ,𝜃ଵ௧ሽ௧ୀଵ
் ,  may be realized by solving the following sets of minimization problems to 

estimate the unconditional quantile functions: 

 

𝑞ොଵሺ𝛼ଵሻ ൌ arg𝑚𝑖𝑛ఔభ∈ோ෍𝜋ఈభሺ𝜃ଵ െ 𝜈ଵሻ

்

௧ୀଵ

 

 

𝑞ොଶሺ𝛼ଶሻ ൌ arg𝑚𝑖𝑛ఔమ∈ோ෍𝜋ఈమሺ𝜃ଶ െ 𝜈ଶሻ

்

௧ୀଵ

 

 

where, 𝜋𝛼ሺµሻ  ≡  µሺ𝛼 െ 1ሾµ ൏  0ሿሻ . The cross-quantilogram of the sample counterpart is 

estimated as follows: 

 

𝜌ොఈሺ𝑘ሻ ൌ
∑ Ψఈଵ
்
௧ୀ௞ାଵ ሺ𝜃ଵ,௧ െ 𝑞ොଵ,௧ሺ𝛼ଵሻሻΨఈଶሺ𝜃ଶ,௧ି௞ െ 𝑞ොଶ,௧ି௞ሺ𝛼ଶሻ

ට∑ Ψఈଵ
ଶ்

௧ୀ௞ାଵ ሺ𝜃ଵ,௧ െ 𝑞ොଵ,௧ሺ𝛼ଵሻሻට∑ Ψఈଶ
ଶ்

௧ୀ௞ାଵ ሺ𝜃ଶ,௧ି௞ െ 𝑞ොଶ,௧ି௞ሺ𝛼ଶሻሻ
               ሺ11ሻ 

 

where 𝑘 ൌ 0,േ1,േ2, . . . ,𝜌ఈ൫𝑘෠൯  ൌ  0  denotes no directional predictability from epu to 

sectoral clean energy returns. Also proposed by Han et al. (2016), relying on the hypothesis of 

𝐻଴: 𝜌ఈሺ𝑘ሻ ് 0  for all 𝑘 ∈  1, . . . , 𝑝  against the alternative 𝐻ଵ: 𝜌ఈሺ𝑘ሻ ് 0  for some 𝑘 ∈

 1, . . . ,𝑝 the quantile-based version of the LjungBox-Pierce statistics may be represented as 

follows: 

 

𝑄෠ఈ
ሺ௣ሻ ≡

𝑇ሺ𝑇 ൅ 2ሻ∑ 𝜌ොఈଶ
௣
௞ୀଵ

𝑇 െ 𝐾
                ሺ12ሻ 
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where 𝑄෠ఈ
ሺ௣ሻ represents the portmanteau test that is used to test for directional predictability at a 

pair of quantiles ሼ𝜃ଵ,𝜃ଶሽ up to 𝑝 lags. As the asymptotic distribution of the cross-quantilogram 

may contain noise parameters under the assumption of no directional predictability, we rely on 

Han et al. (2016) by using the stationary bootstrap of Politis and Romano (1994) to approximate 

the distribution of the Portmanteau test statistics. 

 

3.3 Wavelet-based network system analysis 

After retrieving the frequency components from the wavelet technique (see annexes), we 

proceed towards achieving the third objective of this study using the Bayesian TVP-VAR 

dynamic spillover model of Antonakakis and Gabauer (2017). This empirical framework 

extends the spillover techniques of Diebold and Yılmaz (2012; 2014). Indeed, we are concerned 

with examining the network system of connectedness among green energy sectors and EPU 

across different time scales. The TVP-VAR model specifies the distribution of a time series, 

𝑟௜௧, to depend on its lags and the lags of covariates of interest and introduces variations in the 

variances via a stochastic volatility Kalman Filter estimation with forgetting factors proposed 

in Koop and Korobilis (2014). Therefore, this approach circumvents the burden of setting the 

rolling window size arbitrarily and the loss of observations. Consequently, this model has been 

increasingly adopted in past studies (see e.g. Dahir et al., 2019; Ji et al., 2019; Urom et al., 

2020; Urom et al., 2021; Bouri et al., 2021; Adekoya & Oliyide, 2021). 

 

In its traditional form, the TVP-VAR model may be expressed as follows: 

 

𝑦௧ ൌ 𝐶௧𝜈௧ିଵ ൅ μ୲µ௧|𝜌௧ିଵ ∼  𝑁ሺ0, 𝜏௧ሻ                                                 ሺ13ሻ 

 

𝑣𝑒𝑐ሺ𝐶௧ሻ  ൌ  𝑣𝑒𝑐ሺ𝐶௧ିଵሻ  ൅  𝛾௧𝛾௧|𝜌௧ିଵ ∼  𝑁ሺ0, 𝜀𝑡௧ሻ                   ሺ14ሻ 

 

with 

𝜈௧ିଵ ൌ ൮

𝑦௧ିଵ
𝑦௧ିଶ
⋮

𝑦௧ି௣

൲  𝑎𝑛𝑑 𝐶௧ ൌ ൮

𝐶௜௧
𝐶ଶ௧
⋮
𝐶௣௧

൲ 

 

where, for Eq. 13, 𝑦௧ and 𝑣௧ିଵdenote 𝑛 ൈ  1 and 𝑛𝑝 ൈ  1 vectors (which in our case include 

the frequency components of the price index for a chosen sector, conditionally on the set of 
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available information up to 𝑡 െ  1,𝜌௧ିଵ. 𝐶௧  and 𝐶௜௧ are 𝑛 ൈ  𝑛𝑝 and 𝑛 ൈ  𝑛 are dimensions of 

time-varying coefficient matrices respectively while µ௧is an 𝑛 ൈ 1 vector of the error term. 𝛾௧  

is an 𝑛𝑝 ൈ  1 dimensional vector while the time-varying variance-covariance matrices, 𝜏௧ , and 

𝜀௧ t correspond to 𝑛 ൈ  𝑛  and 𝑛ଶ𝑝 ൈ 𝑛ଶ𝑝   dimensional matrices respectively. Lastly, the 

vectorization of Ct denoted by 𝑣𝑒𝑐ሺ𝐶௧) is, however, an 𝑛ଶ𝑝 ൈ  1 dimensional vector. 

 

To derive the generalized impulse response functions and the generalized forecast error 

variance decomposition (GFEVD) which form the basic inputs for generating the generalized 

spillover index (see Koop & Korobilis,  2014), the VAR model in Eq. 13 is transformed into a 

moving average following the Wold theorem stated as follows: 

 

                                            𝑦௧ ൌ 𝐾ᇱሺ𝑁௧ሺ𝑣௧ିଶ ൅ 𝜙௧ିଵሻ ൅ 𝜙௧ሻ                                            ሺ15ሻ 

 

                                   ൌ 𝐾ᇱሺ𝑁௧ሺ𝑁௧ሺ𝑣௧ିଷ ൅ 𝜙௧ିଶሻ ൅ 𝜙௧ିଵሻ𝜙௧ሻ                                 ሺ16ሻ 

 

                                                                    ⋮                                                                         ሺ17ሻ 

                                          ൌ 𝐾′ቌ𝑁௧
௞ିଵ𝑣௧ି௞ିଵ ൅෍𝑁௧

௝
௅

௝ୀ଴

𝜙௧ି௝ቍ                                  ሺ18ሻ 

 

With 

𝑁௧ ൌ ൬
𝐶௧

𝑙௡ሺ௣ିଵ
    0௡ሺ௣ିଵሻൈ௡൰𝜙௧ ൌ ቌ

𝜇௧
0
⋮
0

ቍ ൌ 𝐾𝜇௧𝐾 ൌ ቌ

𝑙
0
⋮
0

ቍ 

 

where 𝑁௧ ,𝜙௧ , and 𝐿 correspond to 𝑛𝑝 ൈ 𝑛𝑝 ൈ 1 and 𝑛𝑝 ൈ 𝑛 dimensional matrices. Following 

Adekoya and Oliyide (2021) by deriving the limit of Eq.18 as 𝑘  tends to ∞ , we get the 

following: 

 

         𝑦௧ ൌ 𝑙𝑖𝑚௞→ஶ𝐾ᇱ ቌ𝑁௧
௞ିଵ𝑣௧ି௞ିଵ ൅෍𝑁௧

௝
௅

௝ୀ଴

𝜙௧ି௝ቍ ൌ෍𝐾′𝑁௧
௝

ஶ

௝ୀ଴

𝜙௧ି௝            ሺ19ሻ 

  

such that it follows directly 
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                  𝑦௧ ൌ෍𝐾′𝑁௧
௝𝐾

ஶ

௝ୀ଴

𝜇௧ି௝    𝐴௝௧ ൌ 𝐾ᇱே೟
ೕ
𝐾,      𝑗 ൌ 0,1, …                            ሺ20ሻ 

 

                                                  𝑦௧ ൌ෍𝐴௝௧𝜇௧ି௝

ஶ

௝ୀ଴

                                                   ሺ21ሻ 

  

where 𝐴௝௧  denotes an 𝑛 ൈ  𝑛 matrix. 

 

Following the generalized forecast error variance decomposition (GFEVD), the generalized 

impulse response function (GIRFs) 𝜔௜௝,௧ሺ𝐻ሻcaptures the responses of all variables 𝑗 to a shock 

in the variable 𝑖. Bouri et al. (2021) note that given the lack of a structural model, the H-step-

ahead forecast for which variable 𝑖 is shocked and another where variable 𝑖 is not shocked are 

computed. Hence, this difference is taken to be related to the shock in variable 𝑖, which is 

defined as follows: 

 

𝐺𝐼𝑅𝐹௧൫𝐻,𝜗௝,௧𝜌௧ିଵ൯ ൌ 𝐸൫𝑦௧ାு|𝑑௝ ൌ 𝜗௝,௧𝜌௝,௧൯ െ 𝐸൫𝑦௧ା௄ห𝜌௝,௧൯               ሺ22ሻ 

 

            Ψ௜௝,௧ሺ𝐻ሻ ൌ
𝐴ு,௧ ∑ 𝑑௝௧

ට∑௝௝,௧

𝜗௝,௧

ට∑௝௝,௧

          𝜗௝,௧ ൌ ඨ෍
௝௝,௧

                  ሺ23ሻ 

 

                                   𝜔௜௝,௧ሺ𝐻ሻ ൌ෍𝐴ு,௧

ିଵଶ

௝௝,௧

෍𝑑௝
௧

,                                      ሺ24ሻ 

 

where 𝑑௝  represents an 𝑛 ൈ  1 selection vector with 1 in the 𝑗௧௛ position, and zero otherwise. 

The GFEV D(𝛾෤௜௝,௧ሺ𝐻ሻሻ which is estimated and normalized, permits it to be interpreted as the 

share of variance that a variable has on the system. Therefore, each roll of the normalized 

variance share adds up to one, implying that all the variables in the system jointly explain 100% 

of variable i’s forecast error variance. The GFEVD is estimated as follows: 

 

                                  𝛾෤௜௝,௧ሺ𝐻ሻ ൌ
∑ 𝜔௜,௝,௧

ଶுିଵ
௧ୀଵ

∑ ∑ 𝜔௜,௝,௧
ଶுିଵ

௧ୀଵ
௡
௝ୀଵ

                                               ሺ25ሻ 
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Where ∑ 𝛾෤௜௝,௧
௡ ሺ𝐻ሻ௡

௝ୀଵ ൌ 1 while ∑ 𝛾෤௜௝,௧
௡ ሺ𝐻ሻ௡

௜,௝ୀଵ ൌ 𝑛. Further, the numerator term represents the 

cumulative effect of a shock in variable 𝑖 , while the denominator term represents the 

cumulative effect of all the shocks. Thereafter, we compute the total connectedness index 

through the use of the GFEVD thus: 

 

                             𝑇௧ሺ𝐻ሻ ൌ
∑ 𝛾෤௜௝,௧ሺ𝐻ሻ
௡
௜௝ୀଵ,௜ஷ௝

∑ 𝛾෤௜௝,௧ሺ𝐻ሻ௡
௜,௝ୀଵ

ൌ
∑ 𝛾෤௜௝,௧ሺ𝐻ሻ
௡
௜௝ୀଵ,௜ஷ௝

𝑛
                                   ሺ26ሻ 

 

3.3.1 Decomposition of the total connectedness 

The connectedness technique in Eq.26 above mainly describes how a shock on one variable 

spills over to other variables in our sample. To offer deeper insights on the directional 

connectedness, this approach is further decomposed into directional connectedness to others; 

directional connectedness from others; and net total directional connectedness. 

First, the total directional connectedness "To" others defines how a shock in one of the variables 

i transmits to all other variables j. This may be computed as follows: 

 

                                                          𝑇௜→௝,௧ሺ𝐻ሻ ൌ
∑ 𝛾෤௝௜,௧ሺ𝐻ሻ
ே
௜௝ୀଵ,ଵஷ௝

∑ 𝛾෤௝௜,௧ሺ𝐻ሻ௡
௜௝ୀଵ

                                  ሺ27ሻ              

   

Similarly, the total directional connectedness variable i receives from other variables j 

corresponds to total directional connectedness from others and may be defined as follows: 

                                                            

                                                  𝑇௜←௝,௧ሺ𝐻ሻ ൌ
∑ 𝛾෤௜௝,௧ሺ𝐻ሻ
௡
௝ୀଵ,௜ஷ௝

∑ 𝛾෤௜௝,௧ሺ𝐻ሻ௡
௜ୀଵ

                                      ሺ28ሻ 

                      

Lastly, given the above measures, we proceed to derive the net directional connectedness by 

subtracting the total directional connectedness to others from the total directional 

connectedness from others. As noted in Urom et al. (2021), this may be taken to denote the 

strength or influence of variable i over other variables within the network. This may be 

computed as: 

 

 𝑇௜,௧ ൌ 𝑇௜→௝,௧ሺ𝐻ሻ െ 𝑇௜←௝,௧ሺ𝐻ሻ (29) 
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Apparently, the above expression indicates that a positive 𝑇௜,௧  suggests that the sphere of 

influence of variable 𝑖 over the network is beyond the sphere of influence of the network wields 

over variable i. Contrarily, a negative 𝑇௜,௧ denotes that the influence from the network variable 

𝑖 is greater than the influence from variable i on the network. 

 

Lastly, we distill the net directional pairwise connectedness to offer more insights into the 

bidirectional interactions among green energy sectors and EPU by computing the net pairwise 

directional connectedness (NPDC) defined as: 

 

                                                 𝑁𝑃𝐷𝐶௜௝ሺ𝐻ሻ ൌ ቀ𝛾෤௝௜,௧ሺ𝐻ሻ െ 𝛾෤௜௝,௧ሺ𝐻ሻቁ                                   ሺ30ሻ 

   

where 𝑁𝑃𝐷𝐶௜௝ሺ𝐻ሻ ൏ 0 , indicates that variable i is dominated by variable j while 

𝑁𝑃𝐷𝐶௜௝ሺ𝐻ሻ ൐ 0 corresponds to the variable i dominating variable j. 

 

4 Results and discussion 

4.1 Dependence between clean energy sectors and economic policy shocks 

Our empirical analysis begins with the investigation of the degree of dependence between green 

energy sectors and the U.S economic policy shocks. First, we focus on the covariance and 

correlations between each green energy sector and economic policy shocks before proceeding 

to explore the predictive power of economic policy shocks on the performance of each green 

energy sector across different market conditions using the cross-quantilogram. Figures 4 Panel 

A to F presents the covariance (i) and correlations (ii) between each green market sector and 

economic policy shock using the following time bounds 1-8 days, 8-64 days, and 64 days and 

above corresponding to short-, medium- and long-term, respectively. The dotted black lines 

denote the evolution of covariance while U and L represent the upper and lower bounds of the 

95% confidence interval across the chosen time scales. 

 

Across all the cases, results show the dotted black lines lie within the upper and lower bounds. 

The results show that in the short-run, green energy sectors exhibit positive covariance with 

economic policy shock while covariances become zero in both the medium- and long-term. 

This result suggests that a shock in economic policy has an immediate but short-lived 

significant effect on the performance of green energy across all sectors. In particular, this effect 
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appears to be strongest in the building sector followed by the transport sector while it is least 

for the green edge sector which embodies companies that are mainly concerned and involved 

in the electric grid; electric meters, devices, and networks; energy storage and management; 

and enabling software used by the smart grid and electric infrastructure sector. 

 

On the contrary, the results also show that correlations are asymmetric across sectors and 

market conditions; and are mostly weak in the short-run but strengthen in the medium- and 

long term. In particular, across all the sectors, correlations are positive but low in the short-run 

but increase in the medium-term. However, correlations are negative in the long-term and are 

least in the edge sector, followed by the financial sector. This implies that economic policy 

shock has strong detrimental effects on the performance of green energy sectors in the long 

term. This is, however, not the case for the technology sector where the negative effects of 

economic policy shocks are detrimental both in the medium- and long-term. This implies that 

economic policy shocks impact the performance of companies that offer solutions that help 

firms decrease energy consumption by enabling collaboration online, efficient data centers, 

computer networks, and virtualization software negatively both in the short- and long-term. 

 

4.1.1 Quantile directional predictability across different time-scales 

Moving forward, we examine the directional predictability of the performance of green energy 

sectors from economic policy shocks across different market situations using estimates from 

the cross-quantilogram as defined previously in Eq 11- 12. The estimates of the cross-

quantilogram are presented in Table 2 for each sector. We consider the cross-quantilogram 

𝜌ොఈሺ𝑘ሻ and the Portmanteau test 𝑄෠ఈ
ሺ௣ሻ  under nine quantiles covering both the bear and bull 

market conditions as well as the mean of the performance distribution for each sample cross-

quantilogram up to 60-day lags for all the different time scales from 𝑑ଵ െ 𝑠଻. For the bear 

market states, we consider low quantiles ranging from 0.05, 0.1, and 0.2 quantiles, while for 

the bull market, we consider high quantiles from 0.8, 0.9, and 0.95. For the shoulders of 

performance distribution, we consider the 0.3, 0.5, and 0.7 quantiles. Each value in the table 

denotes the strength of an event of an increase in economic policy shock over a certain 

percentile following the next day’s performance of green energy sectors above the 

corresponding percentile. 
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In particular, values in the table denote the strength of directional predictability from economic 

policy shock to returns in each green energy sector across nine quantiles and time scales 

considered with the statistical significance of each value determined using the portmanteau test 

statistic as defined in Eq 12. Some important general insights may be derived from the results 

in Table 2. For instance, the directional predictability from economic policy shocks to green 

energy sectors appears to be mostly negative and stronger in the long term. Also, across all 

sectors, these values are more statistically significant at various levels as shown by the 

portmanteau test statistic. Besides, the percentage of significant directional predictability from 

economic policy shock is shown in the last row; which corroborates that predictability becomes 

more significant towards the long-term across all sectors. 

 

Specifically, directional predictability appears to be stronger for the economy sector but least 

in the transport sector. This implies that in the short run, economic policy shocks exhibit 

stronger information content for the performance of firms in the green economy sector. This 

comprises companies that are most closely associated with the economic model around 

sustainable development. Moreover, during this market period, predictability is mainly 

negative at lower quantiles but positive at higher quantiles. This implies that economic policy 

shocks appear to be detrimental to green energy firms during bearish market conditions but 

may enhance their performance during bullish market conditions, especially for firms in the 

green economy sector. However, this may not be the case for firms in the financial, technology, 

and transport sectors where directional predictability from economic policy shock is not 

significant during bullish market periods. 

 

However, in the medium-term, predictability from economic policy shock is strongest for firms 

in the financial sector but least for those in the transport sector. Moreover, predictability 

appears to be very heterogeneous both across sectors and market conditions. For instance, 

whereas predictability from economic policy shock is mainly negative and stronger towards 

the end of the medium-term, it is, however, mostly positive for the building and financial 

sectors. This is also the case for the transport sector at the end of this term (d5) from 0.7 

quantiles upwards. These findings suggest that in the medium-term, economic policy shock 

may exhibit asymmetric effects on green energy firms across different sectors. 

 

Particularly, an increase in economic policy shock tends to mostly impact negatively on the 

performance of firms in all the sectors during bearish to normal market conditions but 
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positively during bullish market periods, especially on firms in the building and financial 

sectors. For firms in the other sectors, results are mixed during bullish market periods. For 

instance, for companies in the green economy, transport, and technology sectors, there is 

positive directional predictability from economic policy shock towards the end of the medium-

term while for firms in the edge sector, this may be found at the beginning of the medium-term. 

In sum, in the medium term, across all quantiles considered and regardless of the direction of 

predictability, the strength of predictability from economic policy shocks appears to be 

strongest for firms in the transport, followed by those in the financial sectors but least for those 

in the edge sector. 

 

Regarding the long-term, results show that predictability across the sectors is mainly negative 

and strengthens towards higher quantiles and the very long-term. Negative predictability 

suggests that an increase in economic policy uncertainty is harmful to the performance of green 

energy firms, especially those in the building, economy, and transport sectors, where values 

are high and negative across all frequencies and quantiles. Results also show that across all the 

sectors, there is positive predictability from economic policy uncertainty in the lowest quantile 

(0.05) and up to the (0.1) quantile for financial and transport sectors at the beginning of the 

long term. This implies that when market conditions are very poor, economic policy uncertainty 

may have positive long-term effects on green energy firms, especially those in the transport 

and financial sectors. Intuitively, the result may be viewed in the light of the lasting positive 

effects of favorable economic policy changes introduced by national governments during an 

economic downturn. 

 

There are some other notable exceptions characterized by positive predictability from economic 

policy uncertainty across all quantiles for some sectors including financial and the technology 

sectors. For instance, for the financial sector, results show that across all quantiles in the long-

term as shown by the d7 frequency, there is positive predictability from economic policy 

uncertainty to the performance of firms in the financial sector. This suggests that an increase 

in the long-term economic policy uncertainty may be beneficial to green energy firms in the 

financial sector irrespective of the market condition. Apparently, this may not be unconnected 

with the very close ties between the economic and financial sectors. Besides, most economic 

policy changes such as macroeconomic intervention measures which gives rise to economic 

policy shocks are mainly executed through the financial sector. The implication is that most of 
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these macroeconomic measures often affect other sectors through the financial sector, thereby 

improving the performance of the firms involved in the implementation of the measures. 

 

Moreover, positive predictability may also be seen in the very long-term (s7) for the financial 

sector in the upper quantiles (above 0.8) and across all quantiles for the technology sector 

except for the mid quantiles (0.5-0.7). These results suggest that during bullish market periods, 

green energy firms in the financial sector may benefit from economic policy uncertainty in the 

very long term while during both bearish and bullish market conditions, economic policy 

uncertainty appears to be beneficial for green energy firms in the technology sector in the very 

long-term. This finding is intuitively plausible, given the close linkages between the financial 

and technology sectors in the process of green energy development and deployment. Indeed, 

the increasing awareness about environmental quality and the transition to clean energy has led 

to increasing support for green energy firms in the technology sector, mainly through the use 

of favorable economic policies that improve the access of these firms to investment funds in 

the financial market. Lastly, regardless of the direction of predictability, results show that 

economic policy uncertainty has the strongest information content for green energy firms in 

the building sector across both market conditions and under bearish market conditions for the 

financial sector. 

 

4.2 Network-system analysis 

In this section, we are primarily concerned with the dynamics of integration among the 

performance of green energy sectors and EPU across different investment horizons. Indeed, we 

present results of spillovers as defined in Eq. 26 to 29 for different frequency scales. While 

many existing empirical studies have investigated the level of market integration among 

different asset classes using both aggregate and sector-specific market indexes, [37] 

acknowledges that most of these studies have neglected the level of interactions across different 

time domains. Consequently, in this study, we rely on the frequency signals that we retrieve 

using the MODWT approach to perform the multi-frequency resolution analysis of integration 

among green energy sectors and EPU. This permits us to shed light on the short- (approximately 

1-8 days), medium- (approximately 8-64 days), and long-term (64 days and above) levels of 

market integration while identifying which time-frequency domain dominates spillovers in the 

network of green energy sectors in the presence of uncertainties in economic policy. 
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Table 3 presents the results of the level of integration across the respective time scales while 

Figure 5 displays the net pairwise directional spillover that enables us to examine directional 

spillovers between each pair of green energy sectors and EPU across the eight-time scales 

considered. As may be seen in Table 3, results show that although the level of connectedness 

among green energy sectors and EPU appears to be weak in the short-term periods, it becomes 

stronger in the medium- and long-term. In particular, the total connectedness index (TCI) 

shows that under the short-term investment horizons (𝑑ଵ െ 𝑑ଶ), the degree of integration ranges 

from about 0.403 to 0.496. Intuitively, this result implies that in the short term as characterized 

by higher frequencies, the mean level of integration is approximately 0.45. This suggests that 

across this investment horizon, about 45% of error variance in the forecast of returns for green 

energy investments may be attributed to risk spillovers from other green energy sectors and 

EPU. 

 

Moreover, under these time scales, results show that at the beginning of the short-term (𝑑ଵ), all 

the green energy firms are net transmitters of risk as shown by the net column, except those in 

the edge and technology sectors. However, towards the end of the short-term (𝑑ଶ), results 

suggest that among green energy sectors, the financial and technology sectors become the only 

net receivers of risk spillover from the system. Besides, in the short term, although EPU is a 

net receiver of risk spillover under the (𝑑ଶ) time scale, it is a net transmitter of shock in the 

(𝑑ଵ) time scale. Apparently, this is not unconnected with the swift transfer of economic policy 

shocks to the financial markets, especially shocks from negative macroeconomic news. This 

result also demonstrates that the information content of EPU may be relevant in the forecast of 

short-term returns for investment in green energy stocks. 

 

Regarding the medium-term time scales (𝑑ଷ െ 𝑑ହ), results show that under this investment 

horizon, the degree of integration lies between 0.523 to 0.583. Specifically, although the total 

connectedness index is about 0.583 at the start of the medium-term, it drops to 0.523 but rises 

to 0.570 towards the end of this term. Intuitively, the mean degree of integration across this 

investment horizon is about 0.56, implying that in the medium-term, about 56% of error 

variance in the forecast of returns for investments in green energy stocks may be attributed to 

risk spillovers from other green energy stocks and EPU. Results are mixed concerning the net-

transmitters and net-receivers of shocks across the frequency scales that comprise the medium-

term, especially in the (𝑑ହ) frequency scale. For instance, although the building, economy, and 
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edge sectors are the net transmitters of shocks while the financial and transport sectors are the 

net receivers of shocks across the (𝑑ଷ) and (𝑑ସ) frequency scales. However, under the (𝑑ହ) 

scale, only the economy and transport sector become net transmitters while the remaining 

sectors become net receivers of shocks. 

 

This suggests that only green energy firms in the economy sector remain net transmitters while 

those in the financial sector remain net receivers of shocks throughout the medium-term 

investment horizon. Intuitively, this demonstrates that the performance of green energy stocks 

in the economy sector is very crucial in the prediction of the medium-term performance of 

other green energy firms across the other sectors considered in this study. Also, it demonstrates 

that the returns of green energy stocks in the financial sector can sufficiently be predicted in 

this investment horizon using the performance of green energy investment across the other 

green energy sectors, especially the economy sector. Moreover, results also demonstrate that 

under this investment horizon, EPU remains a net receiver of shocks from the system across 

the three frequency scales. This result suggests that although EPU exhibits more information 

content in the prediction of the performance of green energy stocks in the short term, in the 

medium term, it becomes a weak predictor as it receives more shocks than it transmits to green 

energy investment. 

 

Lastly, for the long-term time scales (𝑑଺− 𝑑଻), the degree of integration is highest, ranging from 

0.615 to 0.639 while it decreases to about 0.531 in the very long-term (𝑠଻). Taken together, the 

mean level of integration under this investment horizon is approximately 0.60, implying that 

about 60% of error variance in the forecast of returns for investment in green energy investment 

may be attributed to shock spillover from other green energy sectors in the presence of EPU. 

Regarding the net transmitters and net receivers of shocks, results show that under the long-

term scales, the building, economy, and transport sectors are the net transmitters of shocks 

while in the very long term, the building, economy, and edge sectors are the net-transmitters of 

shocks. However, at the beginning of the long-term (𝑑ଵ ), the technology sector is a net 

transmitter of shocks but becomes a net receiver beyond this time scale. 

 

In sum, these findings demonstrate that the information content of the performance of green 

energy firms in the building and economy sectors in the prediction of returns for long-term 

investments in the remaining green energy sectors is stronger than the information content of 
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the system of the green energy sectors considered in the presence of uncertainties in economic 

policy. In the very long-term, this conclusion applies to the edge sector which becomes a net 

transmitter of shocks too. However, concerning EPU, results show also that across the long-

term time scales (𝑑ଵ െ 𝑑଻) and the very long-term scale (𝑑ଵ), EPU remains a net receiver of 

shocks from the system. This suggests that the performance of green energy firms, especially 

those in the building and economy sectors contain a significant predictive influence on the level 

of uncertainty in macroeconomic policy. These findings may not be unconnected to the 

increasing influence of green energy technology at the backdrop of impressive trends in the 

transition to cleaner energy sources. 

 

Moving forward, in Figure 5, Panel a - h, we present the network graphs of the mean net 

pairwise directional connectedness across the 8 frequency scales for all pairs of green energy 

sectors and EPU as defined in Eq. 29. Indeed, we rely on the size of the node to demonstrate 

the magnitude of the net-pairwise directional connectedness while the color of the nodes 

indicates whether the sector or uncertainty index is a net transmitter (blue) or net-receiver (red). 

Moreover, the colors of the arrows rank the strength of the net-pairwise directional 

connectedness from red (strongest) to blue, green, and purple (weakest). The arrow thickness 

also indicates the strength of the net-pairwise directional connectedness. As shown in Figure 

5, Panel a to b contains the network graphs for the (𝑑ଵ− 𝑑ଶ) frequency scales that correspond 

to the short-term horizon; Panel c to e contain network graphs for the medium-term (𝑑ଷ െ 𝑑ହ); 

Panel f and g (𝑑଺ െ 𝑑଻) corresponds to the long-term while Panel h is for the very long-term 

(𝑠଻). 

 

The graphical evidence corroborates the results in Table 3 which show that shocks from green 

energy firms in the economy sector dominate risk spillovers in the system. Particularly, these 

graphs demonstrate that in the short-term, the strongest shocks spill over from green energy 

firms in the economy sector (red arrows) to those in the technology sector (𝑑ଵ) and those in the 

financial sector (𝑑ଶ). Besides, shocks from the transport sector also spill substantially over to 

the edge and technology sectors (𝑑ଵ) and from the building sector to the financial sector as 

shown by blue arrows. However, as shown by the purple arrows, the weakest net pairwise 

shock spillover is exhibited by the spillover of shocks from the building sector to EPU (𝑑ଵ) and 

from green energy firms in the financial sector to EPU (𝑑ଶ). Taken together, these results 
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demonstrate that the short-term integration of the sampled green energy sectors with EPU is 

mainly driven by shock transmission from the economy, transport, and building sectors. 

 

Regarding the network graphs for the medium-term frequency scales, evidence from Panel c to 

e shows that although green energy firms in the edge sector dominated the spillover of shocks 

at the beginning of this investment horizon as shown in (𝑑ଷ), firms in the economy sector 

dominated the remaining frequency scales (𝑑ସ െ 𝑑ହ) while firms in the financial and transport 

sectors were the main receiving firms. In particular, Panel c shows that the strongest spillover 

emanates from the edge sector to the financial sector while Panels d and e demonstrate that the 

strongest shocks spill from the economy sector to the financial sector as shown by the red 

arrows. Moreover, as shown by the blue arrows, substantial shocks also spill from firms in the 

building and transport sectors to firms in the financial sector. Contrarily, the weakest shocks 

flow from the technology sector to the financial sector as shown by the purple arrow in Panel 

c; it manifests in the shocks from EPU to firms in the edge sector (Panel d) while it is exhibited 

from the financial sector to the technology sector at the end of this investment horizon (Panel 

e). Intuitively, these results demonstrate that the degree of integration among the included green 

energy sectors and EPU is largely driven by shocks spillover from firms in the edge, economy, 

and financial sectors. Given the level of shock spillovers among these firms, the performance 

of firms in the edge and economy sectors appears to substantially drive the performance of 

green energy investments in other sectors, especially those in the financial sector. 

 

Considering the network graphs for the long-term investment horizon as shown in Panel f - h. 

Graphical evidence demonstrates that the degree of shocks spillover is mainly led by shock 

spillovers from firms in the economy sector to those in the financial sector at the beginning of 

the long-term (Panel f); from firms in the economy sector to the edge sector (Panel g) and from 

firms in the building sector to the financial sector in the very long-term (Panel h) as shown by 

red arrows. Substantial shocks also spill from green energy firms in the edge sector. In contrast, 

at the beginning of the long-term, the weakest shocks spill over from EPU to the economy 

sector as shown by the purple arrow in Panel f. This may also be seen in Panel g with the 

weakest shocks from green energy firms in the building sector to those in the transport sector 

while in the very long-term, the weakest shock spills from the technology sector to firms in the 

building sector. 
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5 Conclusion 

In this paper, we contribute to the extant literature on green energy stock market performance 

by examining the interactions among the U.S. clean energy sectors including the building, 

economy, edge, financial, technology, and transport sectors in the presence of uncertainties in 

macroeconomic policies. First, we used the wavelet approach and the cross-quantilogram 

methodology for a thorough analysis of the dependence and directional predictability from EPU 

to the performance of clean energy sectors across different time scales and both the bearish, 

normal, and bullish market conditions. Also, we examined the degree of integration among the 

performance of investments across these green energy sectors in the presence of EPU across 

times scale and horizon using the Time-Varying Parameter VAR (TVP-VAR) model with 

stochastic volatility. These enabled us to offer crucial insights on the heterogeneous level of 

integration, net-directional spillovers, diversification opportunities, and the vulnerability of 

each green energy sector to shocks in other green energy sectors under uncertainties in the 

macroeconomic space across different investment horizons. 

 

Results from the analysis of dependence and directional predictability from EPU demonstrate 

that in the short-run, green energy sectors exhibit positive covariance with EPU while 

covariances become zero in both the medium- and long-term. Covariance with EPU appears to 

be strongest with green energy firms in the building sector followed by those in the transport 

sector while it is least with those in the green edge sector. Regarding correlations with EPU, 

results show that across all the sectors, correlations are positive but low in the short-term but 

increase in the medium-term while it becomes negative in the long-term and is least in the edge 

sector, followed by the financial sector. Taken together, these results suggest that the strength 

of predictability from EPU to the returns of green energy firms appears to be heterogeneous 

across sectors. 

 

Furthermore, results from the analysis of the degree of integration and directional net-pairwise 

connectedness corroborate the earlier results as it shows that the degree of integration 

strengthens in the long term. Particularly, we find that the mean level of integration is about 

45%, 56%, and 60% for the short-, medium- and long-term, respectively. Moreover, across 

both the short and medium-term investment horizons, green energy firms in the building, 

economy, and transport sectors are the consistent net transmitters of shock spillover while on 

the long-term horizon, firms in the building, economy, and technology sectors become the net-

transmitters of shocks. In contrast, across all the investment horizons, firms in the edge and 
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financial sectors are consistent net receivers of shocks from the system. Regarding EPU, results 

show that in the short-term, EPU is a net transmitter of shocks to the system while across both 

the medium- and long-term, EPU becomes a net receiver of shocks from the system. 

 

Overall, our results suggest that clean energy stock prices respond heterogeneously to 

uncertainties in macroeconomic policies, with the direction and magnitude of responses 

varying across sectors, market conditions, and investment horizons. This offers investors and 

portfolio managers that may be interested in investing in clean energy equities the opportunity 

of diversifying their portfolio across sectors, market conditions, and horizons to reap the 

benefits thereof. Along this line, for instance, our finding that the covariance between EPU and 

clean energy stock prices are strongest in the building sector followed by those in the transport 

sector while it is least with those in the green edge sector offers insight into such a potential 

cross-sectoral portfolio diversification in clean energy equities. Similarly, the heterogeneous 

predictability from EPU on these clean energy stock prices also points to macroeconomic 

conditions such investors and portfolio managers should be aware of across time scales. In 

particular, our results would suggest that investors and portfolio managers that are interested 

in the short-term return on clean energy stocks should be more concerned about EPU than those 

interested in the long-term returns on clean energy stocks.  



27 

References 

[1] O. B. Adekoya and J. A. Oliyide. How covid-19 drives connectedness among commodity 
and financial markets: Evidence from TVP-VAR and causality-in-quantiles techniques. 
Resources Policy, 70, 2021. 

[2] G. Akhmat, K. Zaman, T. Shukui, and F. Sajjad. Does energy consumption contribute to 
climate change? evidence from major regions of the world. Renewable and Sustainable 
Energy Reviews, 36, 2014. 

[3] Antonakakis, N., & Gabauer, D. (2017). Refined measures of dynamic connectedness 
based on TVP-VAR. MPRA Paper No. 78282.  

[4] M. Arouri, C. Estay, C. Rault, and D. Roubaud. Economic policy uncertainty and stock 
markets: Longrun evidence from us. Finance Research Letters, 18, 2016. 

[5] M. Auffhammer and T. Mansur. Measuring climatic impacts on energy consumption: A 
review of the empirical literature. Energy Economics, 46, 2014. 

[6] S. R. Baker, N. Bloom, and S. J. Davis. Measuring economic policy uncertainty. The 
quarterly journal of economics, 131(4), 2016. 

[7] E. Bouri, X. Lei, N. Jalkh, Y. Xu, and H. Zhang. Spillovers in higher moments and jumps 
across us stock and strategic commodity markets. Resources Policy, 72, 2021. 

[8] W. Brock, W. Dechert, J. Scheinkman, and B. LeBaron. A test for independence based on 
the correlation dimension'. growth theory, non-linear dynamics, and economic modeling: 
scientific essays of William Allen Brock, 15, 2001. 

[9] W. A. Brock, W. Dechert, and J. Scheinkman. A test for independence based on the 
correlation dimension. Working paper, University of Wisconsin at Madison, University of 
Houston, and University of Chicago, 1996. 

[10] J. Brogaard and A. Detzel. The asset-pricing implications of government economic policy 
uncertainty. Management Science, 61(1), 2015. 

[11] A. M. Dahir, F. Mahat, B. A. A. Noordin, and N. H. Ab Razak. Dynamic connectedness 
between bitcoin and equity market information across BRICS countries. International 
Journal of Managerial Finance, 16, 2019. 

[12] F. X. Diebold and K. Yılmaz. On the network topology of variance decompositions: 
Measuring the connectedness of financial firms. Journal of Econometrics, 182, 2014. 

[13] X. Diebold and K. Yilmaz. Better to give than to receive: Predictive directional 
measurement of volatility spillovers. International Journal of Forecasting, 28(1), 2012. 

[14] B. Elie, J. Naji, A. Dutta, and G. S. Uddin. Gold and crude oil as safe-haven assets for 
clean energy stock indices: Blended copulas approach. Energy, 178, 2019. 

[15] L. Eyraud, A. Wane, C. Zhang, and B. Clements. Who’s going green and why? trends and 
determinants of green investment. IMF Working Papers, 2011. 

[16] B. N. E. Finance. Global trends in clean energy investment, 2018. 



28 

[17] H. Han, O. Linton, T. Oka, and Y. J. Whang. The cross-quantilogram: Measuring quantile 
dependence and testing directional predictability between time series. Journal of 
Econometrics, 193(1), 2016. 

[18] I. Henriques and P. Sadorsky. Oil prices and the stock prices of alternative energy 
companies. Energy Economics, 30, 2008. 

[19] Q. Ji, E. Bouri, C. K. M. Lau, and D. Roubaud. Dynamic connectedness and integration in 
cryptocurrency markets. International Review of Financial Analysis, 63, 2019. 

[20] Q. Ji, B.-Y. Liu, H. Nehler, and G. Uddin. Uncertainties and extreme risk spillover in the 
energy markets: a time-varying copula-based covar approach. Energy Economics, 76, 
2018. 

[21] . R. R. Kang, W. Oil shocks, policy uncertainty, and stock market return. Journal of 
International Financial Markets, Institutions, and Money, 26, 2013. 

[22] W. Kang, F. Gracia, and R. Ratti. Oil price shocks, policy uncertainty, and stock returns 
of oil and gas corporations. Journal of International Money and Finance, 70, 2017. 

[23] B. Kocaarslan and U. Soytas. Dynamic correlations between oil prices and the stock prices 
of clean energy and technology firms: The role of reserve currency (us dollar). Energy 
Economics, 84, 2019. 

[24] G. Koop and D. Korobilis. A new index of financial conditions. European Economic 
Review, 71, 2014. 

[25] S. Kumar, S. Managi, and A. Matsuda. Stock prices of clean energy firms, oil, and carbon 
markets: A vector autoregressive analysis. Energy Economics, 34, 2012. 

[26] O. Linton and Y. J. Whang. The quantilogram: With an application to evaluating 
directional predictability. Journal of Econometrics, 141(1), 2007. 

[27] . Z. T. Liu, L. Economic policy uncertainty and stock market volatility. Finance Research 
Letters, 15, 2015. 

[28] R. Liu, L. He, X. Liang, X. Yang, and Y. Xia. Is there any difference in the impact of 
economic policy uncertainty on the investment of traditional and renewable energy 
enterprises? a comparative study based on regulatory effects. Journal of Cleaner 
Production, 255, 2020. 

[29] A. Lundgren, A. Milicevic, G. Uddin, and S. Kang. Connectedness network and 
dependence structure mechanism in green investments. Energy Economics, 72, 2018. 

[30] S. Mishra, A. Sharif, S. Khuntia, M. S. Meo, and S. A. R. Khan. Does oil prices impede 
Islamic stock indices? fresh insights from wavelet-based quantile-on-quantile approach. 
Resources Policy, 62, 2019. 

[31] D. Phan, S. Sharma, and V. Tran. Can economic policy uncertainty predict stock returns? 
global. Journal of International Financial Markets, Institutions, and Money, 55, 2018. 

[32] D. N. Politis and J. P. Romano. The stationary bootstrap. Journal of the American 
Statistical Association, 89, 1994. 



29 

[33] C. Reboredo and S. Uddin. Do financial stress and policy uncertainty have an impact on 
the energy and metals markets? a quantile regression approach. International Review of 
Economics Finance, 43, 2016. 

[34] P. Sadorsky. Correlations and volatility spillovers between oil prices and the stock prices 
of clean energy and technology companies. Energy Economics, 34, 2012. 

[35] L. H. Sendstad and M. Chronopoulos. Sequential investment in renewable energy 
technologies under policy uncertainty. Energy Policy, 137, 2020. 

[36] G. S. Uddin, M. Rahman, A. Hedström, and A. Ahmed. Cross-quantilogram-based 
correlation and dependence between renewable energy stock and other asset classes. 
Energy Economics, 80, 2019. 

[37] C. Urom, I. Abid, K. Guesmi, and J. Chevallier. Quantile spillovers and dependence 
between bitcoin, equities, and strategic commodities. Economic Modelling, 93, 2020. 

[38] C. Urom, G. Ndubuisi, and J. Ozor. Economic activity, and financial and commodity 
markets’ shocks: an analysis of implied volatility indexes. International Economics, 165, 
2021. 

[39] E. Z. Wang and C. C. Lee. Dynamic spillovers and connectedness between oil returns and 
policy uncertainty. Applied Economics, 52, 2020. 

[40] X. Zhao. Do the stock returns of clean energy corporations respond to oil price shocks and 
policy uncertainty? Journal of economic structures, 2020. 

[41] Z. Zhou, Y. Jiang, Y. Liu, L. Lin, and Q. Liu. Does international oil volatility have 
directional predictability for stock returns? evidence from BRICS countries based on cross-
quantilogram analysis. Economic Modelling, 80, 2019. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



30 

 

 

 

 

 

Figure 1: Plot of Economic Policy Uncertainty 
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 (a)(i) Prices and returns of TECH (ii) Prices and returns of FIN 

 

 (b)(i) Prices and returns of BLD (ii) Prices and returns of EDGE 

 

 (c)(i) Prices and returns of TRN (ii) Prices and returns of ECO 

Figure 2: Plots of prices and returns series for sectoral U.S. clean energy market 
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Figure 3: Correlation matrix 
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 (a)(i) Covariance of TECH sector with EPU (ii) Correlation of TECH sector with EPU 

 

 (b)(i) Covariance of BLD sector with EPU (ii) Correlation of BLD sector with EPU 

 

 (c)(i) Covariance of TRN sector with EPU (ii) Correlation of TRN sector with EPU 
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 (d)(i) Covariance of FIN sector with EPU (ii) Correlation of FIN sector with EPU 

 

 (e)(i) Covariance of EDGE sector with EPU (ii) Correlation of EDGE sector with EPU 

 

 (f)(i) Covariance of ECO sector with EPU (ii) Correlation of ECO sector with EPU 

Figure 4: Plots of covariance and correlations with epu 
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(a) Net pairwise directional spillovers under d1 (b) Net pairwise directional spillovers under d2 

 

(c) Net pairwise directional spillovers under d3 (d) Net pairwise directional spillovers under d4 

 

(e) Net pairwise directional spillovers under d5 (f) Net pairwise directional spillovers under d6 
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(g) Net pairwise directional spillovers under d7 (h) Net pairwise directional spillovers under s7 

Figure 5: Plots of network pairwise directional spillovers across different frequencies 
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Table 1: descriptive statistics 
 Mean Max. Min. Std. 

Dev. 
Skewness Ex. Kurt. J-B ADF BDS Stats. 

bld 0.0003 0.0558 -0.0776 0.0101 -0.6086 6.4346 3986.58*** -44.05*** 0.0629*** 
       (0.0000) (0.0001) (0.0000) 

eco 0.0003 0.0492 -0.0630 0.0092 -0.4732 4.9123 2326.42*** -43.16*** 0.0708*** 
       (0.0000) (0.0000) (0.0000) 

edge 0.0001 0.0703 -0.0807 0.0158 -0.2819 1.7208 304.83*** -45.07*** 0.0548*** 
       (0.0000) (0.0001) (0.0000) 

fin 0.0004 0.2159 -0.2219 0.0215 -0.4895 16.4080 25116.8*** -48.91*** 0.0391*** 
       (0.0000) (0.0001) (0.0000) 

tech 0.0004 0.0949 -0.1050 0.0135 -0.4424 6.5890 4108.57*** -46.87*** 0.0591*** 
       (0.0000) (0.0001) (0.0000) 

trn 0.0003 0.0412 -0.0554 0.0098 -0.3970 2.3080 553.78*** -41.40*** 0.0493*** 
       (0.0000) (0.0000) (0.0000) 

epu 109.7 586.6 3.32 69.04 1.75 4.99 393.63*** -48.59*** 0.0426*** 
       (0.0000) (0.0001) (0.0000) 

Note: BDS statistic denotes the Brock-Dechert-Scheinkman test for non-linearity proposed by Brock et al. 1996. This 

is defined as 𝐵𝐷𝑆ሺ𝛿,𝑚,𝑇ሻ ൌ ට𝑇
஼ሺఋ,௠,்ሻି஼ሺఋ,ଵ,்ሻ೘

ఙሺఋ,௠,்ሻ
, where 𝐶ሺ𝛿,𝑚,𝑇ሻ  as a U- statistics is a minimum variance 

unbiased and while 𝜎ሺ𝛿,𝑚,𝑇ሻ is a nontrivial function of the correlation integral. Lastly, ***, ** and * represent 
significance at 1%, 5% and 10% respectively. bld, eco, edge, fin, tech, trn correspond to the returns of the Building, 
Economy, Clean-edge, Financial, Technology, and Transport sectors, respectively, while epu denotes economic 
policy uncertainty in the U.S. 
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Table 2: Directional predictability from economic policy uncertainty to sectoral clean energy 
stocks across different time scales and quantiles 

Sector Quantiles   Time scales    

  Short-term  Medium-term  Long-term  
bld          

  bld.d1 bld.d2 bld.d3 bld.d4 bld.d5 bld.d6 bld.d7 bld.s7 
 0.05 -0.015 -0.012‡ -0.005† 0.003 -0.039‡ 0.006† 0.005 -0.078 
 0.1 -0.012 -0.009† -0.007† -0.005† -0.028 -0.020‡ 0.025 -0.113‡ 
 0.2 -0.006 -0.007 -0.010† -0.005† -0.017 -0.037‡ -0.024‡ -0.162‡ 
 0.3 -0.001 -0.001 -0.004† -0.001† -0.020‡ -0.030‡ -0.050‡ -0.134‡ 
 0.5 0.003 0.003 0.000† 0.001† -0.032‡ -0.016‡ -0.090‡ -0.106‡ 
 0.7 0.007† 0.003 0.005† 0.003† 0.001‡ -0.014‡ -0.195‡ -0.185‡ 
 0.8 0.005 0.004 0.008† 0.002† 0.005† -0.038‡ -0.280‡ -0.253‡ 
 0.9 0.007 0.004† 0.006† 0.009† 0.011‡ -0.083‡ -0.297‡ -0.344‡ 
 0.95 0.009 0.012‡ 0.007† 0.009 0.024 -0.146‡ -0.357‡ -0.474‡ 

 % of sig. quant. 11.1% 44.4% 100% 77.8% 66.7% 100% 77.8% 88.9% 
 Strength of Pred. 0.007 0.037 0.054 0.025 0.108 0.389 1.293 1.772 

eco          
  eco.d1 eco.d2 eco.d3 eco.d4 eco.d5 eco.d6 eco.d7 eco.s7 
 0.05 -0.016‡ -0.013‡ 0.002† 0.000† -0.026‡ 0.002† 0.077 -0.077‡ 
 0.1 -0.014‡ -0.013 0.002† 0.001 † -0.038‡ -0.007 0.049 -0.096‡ 
 0.2 -0.008 -0.010 -0.001† 0.009† -0.032‡ -0.021‡ -0.015‡ -0.131‡ 
 0.3 -0.005 -0.005 0.001† 0.009† -0.041‡ -0.037‡ -0.050‡ -0.102‡ 
 0.5 0.002 0.000 0.000† 0.005† -0.002† -0.027‡ -0.116‡ -0.022‡ 
 0.7 0.007 0.006† -0.002 -0.010† 0.012‡ -0.029‡ -0.210‡ -0.095‡ 
 0.8 0.010‡ 0.009† -0.001† -0.007† 0.026‡ -0.034 -0.270 -0.166‡ 
 0.9 0.009† 0.013‡ -0.003† -0.002 0.032‡ -0.064‡ -0.309‡ -0.307‡ 
 0.95 0.010 0.012‡ 0.004 -0.002 0.021‡ -0.093‡ -0.272‡ -0.349‡ 

 % of sig. quant. 44.4% 55.6% 77.8% 77.8% 100% 100% 88.9% 100% 
 Strength of Pred. 0.049 0.054 0.010 0.042 0.231 0.314 1.291 1.344 

edge          
  edge.d1 edge.d2 edge.d3 edge.d4 edge.d5 edge.d6 edge.d7 edge.s7 
 0.05 -0.011‡ -0.017‡ -0.008† 0.004† -0.018‡ 0.033‡ 0.040‡ -0.070‡ 
 0.1 -0.009‡ -0.015 -0.014‡ 0.002† -0.012‡ -0.003 0.028 -0.082‡ 
 0.2 -0.003 -0.014 -0.011‡ 0.005† 0.005 -0.033‡ -0.005 -0.095‡ 
 0.3 -0.003 -0.008 -0.008† 0.007† 0.003 -0.045‡ -0.030 -0.061‡ 
 0.5 -0.001 0.001 0.001† 0.009† 0.017 -0.036‡ -0.108‡ 0.000† 
 0.7 0.003 0.008† 0.010† 0.001† 0.016 -0.045‡ -0.195‡ -0.059‡ 
 0.8 0.006 0.009 0.012‡ -0.001† -0.001† -0.057‡ -0.233‡ -0.105‡ 
 0.9 0.013‡ 0.012 0.008† 0.002† 0.004† -0.089‡ -0.244‡ -0.143‡ 
 0.95 0.011 0.016 0.009† 0.006 0.013 -0.117‡ -0.216‡ -0.219‡ 

 % of sig. quant. 33.3% 22.2% 100% 88.9% 44.4% 100% 77.8% 100% 
 Strength of Pred. 0.032 0.025 0.080 0.032 0.035 0.458 1.064 0.834 

fin          
  fin.d1 fin.d2 fin.d3 fin.d4 fin.d5 fin.d6 fin.d7 fin.s7 
 0.05 -0.013‡ -0.008 0.008† -0.015‡ -0.042‡ 0.024‡ 0.434‡ -0.078‡ 
 0.1 -0.007 -0.006 0.008† -0.016‡ -0.040‡ 0.001† 0.245‡ -0.073‡ 
 0.2 -0.005 -0.009† 0.007† -0.010† -0.035‡ -0.025‡ 0.156‡ -0.056‡ 
 0.3 -0.002 -0.005 0.003† -0.009† -0.017‡ -0.040‡ 0.184‡ -0.080‡ 
 0.5 0.000 -0.002 0.001† 0.003† 0.001† -0.003† 0.200‡ -0.098‡ 
 0.7 0.002 0.003† 0.002† 0.009† 0.027‡ 0.015‡ 0.089‡ -0.024 
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 0.8 0.003 0.006 0.000† 0.014‡ 0.039‡ -0.016‡ 0.081‡ 0.061‡ 
 0.9 0.004 0.005 -0.006† 0.009† 0.042‡ -0.074‡ 0.079‡ 0.112‡ 
 0.95 0.009 0.011 -0.008† 0.020‡ 0.037‡ -0.138‡ 0.087‡ 0.078‡ 

 % of sig. quant. 11.1% 22.2% 100% 100% 100% 100% 100% 88.9% 
 Strength of Pred. 0.013 0.012 0.043 0.104 0.279 0.336 1.555 0.636 

tech          
  tech.d1 tech.d2 tech.d3 tech.d4 tech.d5 tech.d6 tech.d7 tech.s7 
 0.05 -0.004 -0.008 -0.006 0.001† -0.013‡ 0.007† 0.090 0.056‡ 
 0.1 -0.003 -0.010 -0.001 0.004† -0.021‡ -0.033‡ 0.038 0.058‡ 
 0.2 -0.001 -0.010 0.004† 0.001† -0.012‡ -0.069‡ -0.019‡ 0.123‡ 
 0.3 -0.002† -0.006 0.005† 0.006† 0.007† -0.084‡ -0.043‡ 0.080‡ 
 0.5 0.004† 0.003 0.001† 0.007† 0.014‡ -0.082‡ -0.081‡ 0.033 
 0.7 0.000† 0.007 -0.003† 0.000† 0.029‡ -0.035‡ -0.146‡ 0.035 
 0.8 0.006 0.005 0.005† -0.001† 0.026‡ -0.029‡ -0.222‡ 0.164‡ 
 0.9 0.004 0.009 0.002 0.002† 0.023 -0.048‡ -0.311‡ 0.109‡ 
 0.95 0.003 0.002 0.000 -0.012‡ 0.017‡ -0.042‡ -0.340‡ 0.078‡ 

 % of sig. quant. 33.3% 0% 55.6% 100% 88.9% 100% 77.8% 77.8% 
 Strength of Pred. 0.006 0 0.018 0.034 0.139 0.429 1.163 0.669 

trn          
  trn.d1 trn.d2 trn.d3 trn.d4 trn.d5 trn.d6 trn.d7 trn.s7 
 0.05 -0.007 -0.005 0.000 0.008 -0.033‡ 0.020 0.097‡ -0.078‡ 
 0.1 -0.009 -0.010 0.004 0.007† -0.049‡ 0.002 0.043‡ -0.102‡ 
 0.2 -0.006 -0.005 0.008 0.011‡ -0.049‡ 0.002 -0.030‡ -0.133‡ 
 0.3 -0.005 -0.001 0.006 0.004† -0.042‡ -0.009† -0.087‡ -0.165‡ 
 0.5 -0.002 -0.002 -0.001 -0.002† -0.021 -0.016‡ -0.139‡ -0.197‡ 
 0.7 0.006† 0.006 -0.004 -0.011‡ 0.013‡ -0.009† -0.221‡ -0.231‡ 
 0.8 0.006 0.004 -0.007† -0.009 0.037‡ -0.027‡ -0.272‡ -0.161‡ 
 0.9 0.009 0.007 -0.008† -0.005 0.035‡ -0.057‡ -0.259‡ -0.287‡ 
 0.95 0.006 0.007 -0.002 -0.003 0.010‡ -0.104‡ -0.295‡ -0.233‡ 

 % of sig. quant. 11.1% 0% 22.2% 55.6% 88% 66.7% 100% 100% 
 Strength of Pred. 0.006 0 0.016 0.034 0.269 0.222 1.442 1.587 

Notes: Values in the table represent the strength of prediction under nine quantiles from epu to renewable energy 
sectors. The closer the values to ±1, the stronger the predictive ability of epu under a particular quantile. Bold 
values are estimated coefficients that are significant at least 5%; where † and ‡ denote significance at 5% and 1%, 
respectively. bld, eco, edge, fin, tech, trn correspond to the returns of the Building, Economy, Clean-edge, 
Financial, Technology, and Transport sectors, respectively 
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Table 3: Market integration with economic policy uncertainty 
 bld eco edge fin tech trn epu From Net 

d1          
bld NA 0.288 0.027 0.062 0.040 0.212 0.004 0.633 0.061 
eco 0.254 NA 0.022 0.065 0.048 0.268 0.004 0.661 0.210 
edge 0.082 0.091 NA 0.021 0.022 0.096 0.003 0.316 -0.207 
fin 0.061 0.074 0.006 NA 0.018 0.061 0.005 0.224 0.002 
tech 0.110 0.139 0.027 0.022 NA 0.099 0.005 0.401 -0.241 
trn 0.184 0.278 0.020 0.054 0.029 NA 0.005 0.570 0.166 
epu 0.002 0.001 0.007 0.002 0.002 0.001 NA 0.015 0.010 
To 0.694 0.871 0.109 0.226 0.160 0.736 0.025 TCI=0.403 
d2         
bld NA 0.260 0.082 0.089 0.054 0.180 0.005 0.670 0.097 
eco 0.237 NA 0.085 0.083 0.070 0.224 0.005 0.703 0.207 
edge 0.083 0.095 NA 0.021 0.102 0.076 0.012 0.388 0.092 
fin 0.169 0.179 0.040 NA 0.021 0.134 0.003 0.545 -0.256 
tech 0.076 0.104 0.168 0.020 NA 0.068 0.011 0.446 -0.142 
trn 0.193 0.264 0.080 0.074 0.050 NA 0.004 0.665 0.020 
epu 0.009 0.009 0.023 0.003 0.009 0.004 NA 0.058 -0.018 
To 0.767 0.910 0.479 0.289 0.305 0.685 0.039 TCI=0.496 
d3         
bld NA 0.229 0.132 0.090 0.091 0.160 0.007 0.708 0.038 
eco 0.212 NA 0.144 0.093 0.101 0.194 0.007 0.750 0.128 
edge 0.090 0.106 NA 0.067 0.151 0.097 0.017 0.530 0.283 
fin 0.157 0.183 0.126 NA 0.065 0.161 0.007 0.699 -0.291 
tech 0.074 0.092 0.259 0.045 NA 0.060 0.020 0.551 -0.069 
trn 0.190 0.241 0.131 0.089 0.056 NA 0.006 0.713 -0.019 
epu 0.023 0.027 0.020 0.024 0.018 0.022 NA 0.134 -0.070 
To 0.746 0.878 0.813 0.408 0.481 0.693 0.064 TCI=0.583 
d4         
bld NA 0.281 0.056 0.067 0.091 0.142 0.017 0.654 0.078 
eco 0.232 NA 0.073 0.063 0.096 0.214 0.009 0.687 0.178 
edge 0.055 0.041 NA 0.034 0.243 0.039 0.039 0.451 0.093 
fin 0.139 0.207 0.051 NA 0.086 0.136 0.019 0.638 -0.380 
tech 0.035 0.044 0.258 0.031 NA 0.015 0.022 0.405 0.176 
trn 0.240 0.265 0.075 0.048 0.037 NA 0.011 0.675 -0.108 
epu 0.030 0.026 0.031 0.015 0.028 0.023 NA 0.153 -0.037 
To 0.731 0.865 0.544 0.258 0.580 0.568 0.116 TCI=0.523 
d5         
bld NA 0.289 0.060 0.074 0.063 0.208 0.008 0.701 0.001 
eco 0.200 NA 0.081 0.073 0.096 0.241 0.007 0.697 0.410 
edge 0.135 0.174 NA 0.035 0.157 0.153 0.006 0.659 -0.186 
fin 0.088 0.167 0.056 NA 0.072 0.118 0.005 0.507 -0.196 
tech 0.093 0.184 0.147 0.078 NA 0.133 0.010 0.645 -0.152 
trn 0.176 0.275 0.090 0.042 0.067 NA 0.003 0.652 0.214 
epu 0.011 0.019 0.038 0.011 0.039 0.012 NA 0.129 -0.090 
To 0.702 1.107 0.473 0.311 0.493 0.866 0.039 TCI=0.570 
d6          
bld NA 0.215 0.131 0.086 0.126 0.191 0.015 0.765 0.002 
eco 0.169 NA 0.138 0.073 0.160 0.211 0.014 0.765 0.244 
edge 0.155 0.193 NA 0.052 0.156 0.184 0.004 0.743 -0.040 
fin 0.150 0.175 0.120 NA 0.104 0.147 0.002 0.697 -0.362 
tech 0.116 0.183 0.149 0.046 NA 0.142 0.021 0.656 0.033 
trn 0.162 0.230 0.133 0.066 0.135 NA 0.013 0.740 0.158 
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epu 0.014 0.013 0.032 0.013 0.009 0.023 NA 0.105 -0.035 
To 0.766 1.009 0.704 0.336 0.690 0.898 0.070 TCI=0.639 
d7         
bld NA 0.223 0.126 0.002 0.107 0.194 0.091 0.743 0.117 
eco 0.207 NA 0.146 0.010 0.134 0.203 0.069 0.768 0.214 
edge 0.168 0.205 NA 0.004 0.112 0.196 0.053 0.738 -0.117 
fin 0.025 0.039 0.015 NA 0.058 0.024 0.042 0.203 -0.159 
tech 0.138 0.187 0.114 0.016 NA 0.128 0.056 0.639 -0.079 
trn 0.197 0.224 0.158 0.004 0.107 NA 0.068 0.759 0.098 
epu 0.125 0.104 0.061 0.008 0.043 0.112 NA 0.453 -0.074 
To 0.860 0.983 0.620 0.044 0.561 0.857 0.379 TCI=0.615 
s7         
bld NA 0.168 0.044 0.120 0.017 0.025 0.192 0.566 -0.012 
eco 0.103 NA 0.226 0.065 0.069 0.208 0.030 0.702 0.308 
edge 0.027 0.261 NA 0.061 0.040 0.267 0.002 0.657 0.077 
fin 0.155 0.124 0.104 NA 0.052 0.022 0.025 0.482 -0.145 
tech 0.013 0.121 0.063 0.043 NA 0.025 0.018 0.283 -0.062 
trn 0.014 0.258 0.286 0.014 0.029 NA 0.015 0.617 -0.036 
epu 0.242 0.077 0.010 0.035 0.014 0.034 NA 0.412 -0.130 
To 0.554 1.010 0.734 0.338 0.221 0.581 0.282 TCI=0.531 

Notes: epu denotes economic policy uncertainty in the U.S; From and To represents the strength and 
direction shock spillovers while TCI is the total connectedness index. bld, eco, edge, fin, tech, trn 
correspond to the returns of the Building, Economy, Clean-edge, Financial, Technology, and 
Transport sectors, respectively. 
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