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This study examines the dynamic relationships among green energy, crude oil, commodity 

prices, and the Chinese financial market, with particular attention to volatility connectedness, 

time-varying correlations, and portfolio risk management. Using daily observations from June 

2017 to June 2022, the study applies the Dynamic Conditional Correlation–Generalized 

Autoregressive Conditional Heteroskedasticity (DCC-GARCH) model together with a Time-

Varying Parameter Vector Autoregression (TVP-VAR) connectedness framework. The results 

reveal substantial but heterogeneous volatility transmission across the selected markets. Green 

Energy (GE) emerges as the largest net transmitter of volatility, whereas Oil Price Volatility 

(OPVOL) is the largest net receiver. In contrast, West Texas Intermediate (WTI) crude oil 

exhibits comparatively limited connectedness with the other market variables. The DCC 

estimates further demonstrate that conditional correlations vary considerably over time, 

confirming that market relationships are dynamic rather than constant. Hedge ratios differ 

substantially across asset combinations, highlighting variations in optimal risk-management 

positions. Portfolio analysis also indicates heterogeneous risk-adjusted performance, with the 

GE/CPF combination producing the highest reported risk-adjusted return. Overall, the findings 

demonstrate the importance of accounting for dynamic energy commodity–financial market 

linkages when designing diversification and hedging strategies in the context of China’s energy 

transition. 

Keywords: Green Energy; Volatility Connectedness; DCC-GARCH; TVP-VAR; Portfolio 

Diversification 

1. INTRODUCTION 

The global energy transition from fossil fuels, particularly crude oil, toward renewable energy has 

strengthened linkages among oil, green energy, commodity prices, and financial markets (Yun, 2019). These 

relationships are especially relevant in China, given its major role in global energy consumption and the 

distinctive characteristics of its financial market (Antonakakis, 2020; Sorokin, 2023). Previous studies have 

examined the relationship between crude oil prices and stock markets, but much of the evidence has focused 

on developed economies, leaving emerging markets such as China comparatively underexplored 

(Balashova, 2021). At the same time, the expansion of green energy has introduced new interactions with 

commodity markets because renewable-energy industries depend on technology-intensive and commodity-

based inputs (Beckmann, 2020). Changes in commodity prices can therefore affect production costs, 

profitability, and market valuations across both conventional and renewable energy sectors (Corbet, 2021). 
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To examine these evolving relationships, this study applies a dynamic conditional correlation–generalized 

autoregressive conditional heteroskedasticity (DCC-GARCH) framework to capture time-varying volatility 

and co-movement among crude oil, green energy, commodity prices, and the Chinese stock market. 

Extending previous generalized autoregressive conditional heteroskedasticity (GARCH) based studies of 

stock returns and macroeconomic variables (Hashmi et al., 2022), this study incorporates crude oil, green 

energy, and commodity-price dynamics within a time-varying framework. This broader perspective is 

increasingly relevant as the global energy transition strengthens interactions between conventional and 

renewable energy markets (Farhani & Balsalobre-Lorente, 2020; Jiang & Kong, 2021). These relationships 

are particularly important in China, where energy and financial markets are influenced by both domestic 

market characteristics and global commodity-price movements. Oil-price fluctuations can affect production 

costs, profitability, and stock-market performance, while renewable-energy industries are also exposed to 

changes in the prices of commodity inputs required for energy technologies (Hashmi et al., 2022).  

Previous studies have examined relationships between crude oil prices and stock markets, including 

evidence from China (Hashmi et al., 2022; Jiang & Kong, 2021). However, the joint dynamics of crude oil, 

green energy, commodity prices, and the Chinese stock market remain comparatively underexplored. The 

expansion of renewable energy adds further complexity because conventional and renewable energy 

markets can exhibit changing relationships with commodities and financial assets over time. These 

relationships require methods capable of capturing dynamic dependence and volatility transmission. 

Accordingly, this study combines the Dynamic Conditional Correlation–Generalized Autoregressive 

Conditional Heteroskedasticity (DCC-GARCH) framework for estimating time-varying conditional 

correlations with a connectedness framework for examining volatility spillovers. 

This study aims to examine the dynamic relationships among crude oil, green energy, commodity prices, 

and the Chinese stock market. Specifically, it investigates time-varying correlations and volatility 

connectedness and evaluates their implications for portfolio diversification and risk management. By 

integrating conventional and renewable energy, commodity, and financial-market dynamics within a 

common empirical framework, the study contributes evidence on market connectedness in the context of 

China’s energy transition. 

2. LITERATURE REVIEW 

Research on the relationship between crude oil prices and financial markets has documented substantial 

linkages between energy-price movements, economic activity, and market performance (Monge et al., 

2022). More recently, attention has expanded toward renewable energy and its interactions with 

conventional energy and financial markets (Yun & Yoon, 2019; Fang et al., 2023). However, evidence on 

the joint dynamics of crude oil, green energy, commodity prices, and the Chinese stock market remains 

comparatively limited. This gap is important because energy and commodity-market relationships are time-

varying rather than static. Changes in market conditions can alter correlations and volatility transmission, 

requiring econometric approaches capable of capturing dynamic dependence. Accordingly, DCC-GARCH 

and related time-varying models provide a useful basis for examining evolving relationships across energy, 

commodity, and financial markets (Antonakakis et al., 2020). 
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Research in financial economics has extensively examined the relationship between crude oil prices and 

financial markets. Oil-price movements can affect economic activity, production costs, corporate 

performance, and financial-market conditions, creating important linkages between energy and equity 

markets (Hashmi et al., 2022; Jiang & Kong, 2021). These relationships are not necessarily stable over time, 

as their magnitude and direction can change with market conditions and periods of economic uncertainty. 

Consequently, understanding energy–financial market linkages require consideration of both volatility and 

time-varying dependence. 

The expansion of renewable energy has broadened this literature beyond conventional oil–stock market 

relationships. Green-energy industries operate within financial and commodity markets while remaining 

exposed to changes in energy prices and technology-related input costs. Research has therefore increasingly 

examined interactions among conventional energy, renewable energy, commodities, and financial markets 

(Corbet et al., 2021; Yun & Yoon, 2019). Nevertheless, these different market components are frequently 

examined individually or through pairwise relationships, leaving their broader interconnected dynamics 

less clearly understood. 

Commodity-price movements introduce an additional dimension to these relationships. Changes in natural-

resource and commodity prices can influence economic and market conditions, while volatility in these 

markets may also interact with developments in conventional and renewable energy sectors (Li, 2023). This 

issue is particularly relevant to China because of the scale of its economy, its energy demand, and its 

growing role in renewable-energy development. However, evidence integrating crude oil, green energy, 

commodity-price movements, and Chinese financial-market dynamics within a common empirical 

framework remains limited. 

A further challenge concerns the time-varying nature of these relationships. Static measures may not 

adequately represent changes in correlations and volatility across different market conditions. The Dynamic 

Conditional Correlation–Generalized Autoregressive Conditional Heteroskedasticity (DCC-GARCH) 

model provides a framework for estimating time-varying conditional correlations among financial series 

(Engle, 2002). Complementary connectedness approaches can further identify the direction and magnitude 

of volatility transmission across markets (Antonakakis et al., 2020; Diebold & Yilmaz, 2014). Accordingly, 

the present study addresses the identified gap by examining the dynamic relationships among crude oil, 

green energy, commodity prices, and the Chinese stock market, with particular attention to time-varying 

correlations, volatility connectedness, and their implications for portfolio diversification and risk 

management. 

3. METHODOLOGY 

3.1. Dynamic conditional correlation 

The correlation among returns on different financial assets is important for portfolio diversification and risk 

management. This study employs the Dynamic Conditional Correlation–Generalized Autoregressive 

Conditional Heteroskedasticity (DCC-GARCH) model to estimate time-varying correlations among the 

selected financial and energy-market variables (Engle, 2002). 
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Each return series is specified using a univariate GARCH (1,1) conditional variance model. The 

standardized innovations are assumed to follow a student’s t distribution, while dynamic dependence across 

the series is captured through the DCC specification. Model estimation proceeds in two stages.  Model 

adequacy is assessed using residual diagnostic tests, including the Ljung–Box test for serial correlation in 

standardized and squared standardized residuals and the ARCH-LM test for remaining conditional 

heteroskedasticity. These diagnostics are used to evaluate whether the fitted specification adequately 

captures the principal temporal and volatility dependence in the return series. 

𝑟𝑡 = 𝜇𝑡 + 𝜀𝑡  (1) 

𝜀𝑡 = 𝐻𝑡
1 2⁄

𝑧𝑡 , 𝑧𝑡 ∼ 𝑡𝑣  (2) 

Where 𝑟𝑡  is 𝑁 × 1  indicator of fluctuations 𝜇𝑡𝑧𝑡 and denotes 𝑁 × 1  vectors, reflecting the normalised 

disruption leftovers, problems, and conditioned average of 𝑟𝑡. The N-dimensional multimodal The pupil's t 

distributed with level independence 𝑣 is followed by 𝑧𝑡 .𝐻𝑡  is 𝑁 × 𝑁 matrix demonstrating the dependent 

variance of 𝜀𝑡  that is time-dependent. 

Farhani, (2020) in her study indicated that the DG model estimated using the copulate value. The copulate 

value is a highly versatile tool for determining the dependency among N-dimensional independent factors 

and depicts the relationship among factors. With regard to the combined dispersion factor 

𝐹𝑋1,𝑋2,...𝑋𝑁 independent factors 𝑋1, 𝑋2, . . . 𝑋𝑁 and its associated optimal dispersion values 𝐹𝑋1 , 𝐹𝑋2 , . . . , 𝐹𝑋𝑁. 

Applying the copulate dispersion factor in N dimensions C(Sklar, 1973, 𝐹𝑋1,𝑋2,...𝑋𝑁 can be expressed as: 

𝐹𝑋1,𝑋2,...𝑋𝑁 = 𝐶(𝐹𝑋1(𝑥1), 𝐹𝑋2(𝑥2), . . . , 𝐹𝑋𝑁(𝑥𝑁)) (3) 

𝐶(𝑢1, 𝑢2, . . . , 𝑢𝑁) = 𝐹𝑋1,𝑋2,...𝑋𝑁(𝐹𝑋1
−1(𝑢1), 𝐹𝑋2

−1(𝑢2), . . . , 𝐹𝑋𝑁
−1(𝑢𝑁)) (4) 

Where 𝐹𝑋𝑖 = 𝑢𝑖 , 𝑖 = 1,2, . . . . , 𝑁 is dispersed equally. According to Patton (2006), the density 

distribution of the pupil t-copula with theoretical variable 𝑣, that is denoted as follows, could serve as the 

foundation for the DG model. 

𝐶(𝑢1, 𝑢2 , . . . , 𝑢𝑁|𝑅𝑡 , 𝑣) = 𝑡𝑣(𝐹𝑋1
−1(𝑢1| ·1), . . . , 𝐹𝑋𝑁

−1(𝑢𝑁| ·𝑁))

= ∫ 𝑖
𝐹1
−1(𝑢1)

−∞

. . . ∫ 𝑖
𝐹𝑁
−1(𝑢𝑁)

−∞

Γ(𝑣 + 𝑁/2)

Γ(𝑣 2⁄ )(𝑣𝜋)𝑁 2⁄ |𝑅𝑡|1 2⁄
(1

+
1

𝑣
𝑧𝑡
′𝑅−1𝑧𝑡)

(𝑣+𝑁) 2⁄ 𝑑𝑧1, . . . , 𝑑𝑧𝑁  

(5) 

Where 𝐹𝑋1
−1(𝑢1| ·1  and ·1  shows the specified multivariate GARCH model's predicted variable and 

dependent dispersion, accordingly.𝐹𝑋1
−1(𝑢1| ·1 and ·1demonstrates that the multivariate GARCH model that 

https://www.sciencedirect.com/science/article/pii/S0301420723003926#bib63
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underlies the DG model may have distinct marginal distributions.The vector of conditioned 

correlation 𝐻𝑡  of 𝐸𝑡 can be described as: 

𝐻𝑡 = 𝐷𝑡𝑅𝑡𝐷𝑡 (6) 

Where 𝐷𝑡 = 𝑑𝑖𝑎𝑔(ℎ𝑖𝑖𝑡
0.5, . . . , ℎ𝑁𝑁𝑡

0.5 )′is the vertical matrices of the dependent vector's square root, and 

𝑅𝑡is the time-dependent correlations factor, that can be written as follows (Yiqing, 2020): 

𝑅𝑡 = 𝑑𝑖𝑎𝑔(𝑞𝑖𝑖,𝑡
−0.5, . . . , 𝑞𝑁𝑁,𝑡

−0.5)𝑄𝑡𝑑𝑖𝑎𝑔(𝑞𝑖𝑖,𝑡
−0.5, . . . , 𝑞𝑁𝑁,𝑡

−0.5) (7) 

Where 𝑄𝑡 = (𝑞𝑖𝑗,𝑡) is 𝑁 × 𝑁a matrix that is positive and define as: 

𝑄𝑡 = (1 − 𝛼 − 𝛽)𝑄‾ + 𝛼𝑧𝑡−1𝑧𝑡−1
′ + 𝛽𝑄𝑡−1 (8) 

Where 𝑧𝑡 = (𝑧1𝑡 , 𝑧2𝑡 , . . . , 𝑧𝑁𝑡)
′  is 𝑁 × 1 normalised residuals vector, 𝑄‾   is 𝑁 × 𝑁  of random 

volatility matrix of 𝑧𝑡 , and 𝛼 > 0, 𝛽 > 0 satisfies 𝛼 + 𝛽 < 1. The fundamental DG model above has the 

following basic multivariate GARCH model: 

ℎ𝑡 = 𝜔 + 𝛼(𝜀𝑡−1)
2 + 𝛽ℎ𝑡−1 (9) 

 3.2 Volatility Spillover Index 

The Time-Varying Parameter Vector Autoregression (TVP-VAR) framework proposed by Antonakakis et 

al. (2020), building on the connectedness approach of Diebold and Yılmaz (2014), is employed to examine 

volatility transmission among the selected markets. Unlike models based on fixed parameters, the TVP-

VAR framework allows relationships among variables to evolve over time, making it suitable for capturing 

changes in market connectedness under different economic and financial conditions. The connectedness 

analysis is based on the generalized forecast error variance decomposition (GFEVD), which measures the 

proportion of the forecast error variance of one variable attributable to shocks originating from other 

variables. From these variance decompositions, the study derives total, directional, and net volatility 

connectedness measures. Directional connectedness identifies the volatility transmitted to and from each 

market, while net connectedness indicates whether a market acts predominantly as a net transmitter or net 

receiver of volatility shocks. 

The TVP-VAR and DCC-GARCH frameworks serve complementary purposes in the analysis. The DCC-

GARCH model estimates time-varying conditional correlations and provides inputs for the portfolio and 

hedging analysis, whereas the TVP-VAR framework evaluates the direction and magnitude of volatility 

connectedness across markets. Their combined application therefore provides a broader assessment of 

dynamic dependence and volatility transmission among crude oil, green energy, commodity prices, and the 

Chinese stock market. 
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𝑦𝑡 = ∑𝛽𝑘,𝑡𝑦𝑡−𝑘

𝑝

𝑘=1

+ 𝜀𝑡 , 𝜀𝑡 ∼ 𝑁(0, 𝑆𝑡) (10) 

𝛽𝑘,𝑡 = 𝛽𝑘,𝑡−1 + 𝜈𝑡 , 𝜈𝑡 ∼ 𝑁(0, 𝑅𝑡) (11) 

Where 𝑦𝑡 = (𝑦1𝑡 , 𝑦2𝑡 , . . . , 𝑦𝑁𝑡)is a matrix of independent factors, 𝛽𝑘,𝑡 relies on 𝛽𝑘,𝑡−1. 𝜀𝑡 ∼ 𝑁(0, 𝑆𝑡) and 

𝜈𝑘 ∼ 𝑁(0, 𝑅𝑡) are the noise term, where 𝑆𝑡  and 𝑅𝑡are the time volatility and correlation with 𝑁 × 𝑁 matrix 

and 𝑁𝑝 × 𝑁𝑝 matrix. The framework can be define as𝑦𝑡 = ∑ 1∞
ℎ=0 𝐴ℎ,𝑡𝜀𝑡−ℎ  with 𝐴ℎ,𝑡   is 𝑁 × 𝑁  coefficient 

subject to 𝐴ℎ,𝑡 = 𝛽1,𝑡𝐴ℎ−1 + 𝛽2,𝑡𝐴ℎ−2+. . . +𝛽𝑝,𝑡𝐴𝑝−ℎ. The generalised impulse response function (GIRF) 

(Hashmi, 2022) and the generalised forecast error variance decomposition (GFEVD) (Khan, 2021) were 

the sources of the time-dependent values of the variable moving mean (VMA) based on connection indices 

in (Li, 2023b). The H-step GFEVD, 𝐻 = 1,2. .. can be define as: 

𝜑𝑖𝑗(𝐻) =
𝜎𝑗𝑗
−1 ∑ 1𝐻−1

ℎ=0 (𝑒𝑖
′𝐴ℎΣ𝑒𝑗)

2

∑ (𝑒𝑖
′𝐻−1

ℎ=0
𝐴ℎΣ𝐴ℎ

′ 𝑒𝑖)
 (12) 

The aforementioned equation may be standardized as 𝜑̃𝑖𝑗(𝐻) = 𝜑𝑖𝑗(𝐻)/∑ 𝜑𝑖𝑗(𝐻)
𝑁

𝑗=1
  with 

∑ 1𝑁
𝑗=1 𝜑̃𝑖𝑗(𝐻) = 1  and ∑ 1𝑁

𝑖𝑗=1 𝜑̃𝑖𝑗(𝐻) = 𝑁 is a pair of repercussions in variance from factor 𝑗  to 𝑖 .It is 

possible to convey the total effects of volatility as: 

𝑇𝑆(𝐻) =
∑ 1𝑁
𝑖,𝑗=1,𝑖≠𝑗 𝜑̃𝑖𝑗(𝐻)

∑ 1𝑁
𝑖,𝑗=1 𝜑̃𝑖𝑗(𝐻)

× 100 (13) 

It is possible to determine the complete variance repercussions impact of additional factors on the factor 𝑖 

as follows: 

𝐷𝑆𝑖←•(𝐻) =
∑ 1𝑁
𝑗=1,𝑖≠𝑗 𝜑̃𝑖𝑗(𝐻)

∑ 1𝑁
𝑖,𝑗=1 𝜑̃𝑖𝑗(𝐻)

× 100 (14) 

It is possible to determine the complete variance repercussions impact of additional factors on the factor 𝑖 

as follows: 

𝐷𝑆𝑖→•(𝐻) =
∑ 1𝑁
𝑗=1,𝑖≠𝑗 𝜑̃𝑗𝑖(𝐻)

∑ 1𝑁
𝑖,𝑗=1 𝜑̃𝑗𝑖(𝐻)

× 100 (15) 
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The net overflow according to equations (15) and (16) is: 

𝑁𝐸𝑇 = 𝐷𝑆𝑖→•(𝐻) − 𝐷𝑆𝑖←•(𝐻) (16) 

The net pair repercussions can finally be written as: 

𝑁𝑃𝑆𝑖𝑗(𝐻) =
𝜑̃𝑗𝑖(𝐻) − 𝜑̃𝑖𝑗(𝐻)

𝑁
× 100 (17) 

3.3. Hedge ratios and portfolios weights 

The following formulas are used in this part to determine the hedging ratios based on the anticipated 

dependent values of the DG models (Kroner and Sultan, 1993) 

𝛽𝑗𝑖𝑡 = ℎ𝑖𝑗𝑡/ℎ𝑖𝑖𝑡 (18) 

Where ℎ𝑖𝑗𝑡 denotes the 𝑖  and 𝑗  factors' dependent correlation, and ℎ𝑖𝑖𝑡  denotes the dependent 

correlation of factors 𝑖. 

The asset distribution approach defines the portfolio's weights for holdings in commodities assets 

as follows, in accordance with Kroner and Ng (1998): 

𝑤𝑗𝑖𝑡 =
ℎ𝑖𝑖𝑡 − ℎ𝑖𝑗𝑡

ℎ𝑗𝑗𝑡 − 2ℎ𝑖𝑗𝑡 + ℎ𝑖𝑖𝑡
 (19) 

With 

𝑤𝑗𝑖𝑡 = {

0 𝑖𝑓 𝑤𝑗𝑖𝑡 < 0

𝑤𝑗𝑖𝑡 𝑖𝑓 0 ≤ 𝑤𝑗𝑖𝑡 ≤ 1

1 𝑖𝑓 𝑤𝑗𝑖𝑡 > 1

 (20) 

Hedging efficiency is used to define the outcomes to contrast the hedging impacts of hedging ratios 

and portfolio weights: 

𝐻𝐸𝑖 = 1 − (𝑉𝑎𝑟𝐻/𝑉𝑎𝑟𝑈) (21) 
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4. RESULTS AND DISCUSSION 

4.1 Data and Descriptive Statistics 

The study uses daily observations for seven market variables: Green Energy (GE), Oil Price Volatility 

(OPVOL), Commodity Price Fluctuations (CPF), the SSE return series (SSERGR), Gold Price Volatility 

(GPVOL), Carbon Fiber Prices (CFP), and West Texas Intermediate crude oil (WTI).  GE is represented by 

the CSI New Energy Index (code 399808), denominated in RMB and obtained from Wind. The sample 

covers 1 June 2017 to 30 June 2022, yielding 1,283 daily observations for each series.  

Table 1. Descriptive Statistics of Daily Returns 

 GE OPVOL CPF SSERGR GPVOL CFP WTI 

Mean 0.021 0.0042 0.0294 0.0147 0.0399 0.00525 0.05355 

Median 0.08295 -0.00735 0.0672 0.01995 0.0294 0.0945 0.24255 

Max 6.3987 9.64215 6.35145 9.4752 6.84915 7.52365 33.56115 

Min -9.2925 -8.92535 -9.6852 -10.106 -10.085 -10.348 -58.176 

Std.Dev. 1.515 1.32035 1.57395 1.93515 2.079 1.68105 3.9249 

Skewness -0.843 -0.2755 -0.91875 -0.5434 -0.414 -0.85325 -2.9112 

Kurtosis 8.597 10.651 8.81785 6.63175 5.838 7.98835 74.6655 

Jarque-Bera 1691.3 2883.4 1806.8 690.375 411.55 1354.05 262497.8 

ADF-GLS -10.3185 -12.4241 -16.2234 -14.045 -4.57275 -8.4987 -8.22045 

Obs. 1283 1283 1283 1283 1283 1283 1283 

Table 1 presents the descriptive statistics for the seven-return series. All variables record positive mean 

returns, with WTI showing the highest mean (0.05355) and the greatest volatility (SD = 3.9249). All series 

are negatively skewed and exhibit kurtosis above 3, indicating asymmetric and heavy-tailed return 

distributions. The large Jarque–Bera statistics indicate departures from normality, while the strongly 

negative ADF-GLS statistics provide evidence of stationarity, subject to the applicable test critical values. 

4.2 Volatility Connectedness and Spillovers 

Table. 2 Volatility Spillovers from Variable j to Variable i 

 

GE OPVOL CPF SSERGR GPVOL CFP WTI FROM 

GE 23.205 9.03 18.27 17.22 19.74 17.115 0.42 81.795 

OPVOL 15.015 38.85 18.48 9.015 8.925 12.915 1.89 66.15 

CPF 19.95 12.18 25.515 15.225 15.225 16.59 0.42 79.485 

SSERGR 20.59 6.51 16.695 27.72 17.115 16.065 0.42 77.28 

GPVOL 22.68 6.195 16.065 16.485 26.67 16.59 0.42 78.39 

CFP 19.635 8.925 17.43 15.33 16.59 26.565 0.525 78.435 
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WTI 1.365 1.785 1.05 1.365 0.945 1.155 97.41 7.77 

TO 99.12 44.73 87.885 74.55 78.57 80.535 3.99 469.335 

INC 122.325 83.58 113.79 102.27 105.105 107.1 101.22 VSI 

NET 17.325 -19.38 8.295 -2.17 0.105 2.1 -3.78 66.99 

Table 2 shows substantial volatility connectedness across most markets. GE is the largest net 

transmitter of volatility (NET = 17.325), followed by CPF (8.295) and CFP (2.100), whereas 

OPVOL is the largest net receiver (−19.380). WTI is comparatively isolated, with 97.410% of its 

forecast-error variance explained by its own shocks and relatively limited spillovers to and from 

the other variables. Overall, the results indicate strong volatility transmission among green energy, 

commodity, and Chinese financial-market variables, but substantially weaker connectedness with 

WTI. 

4.3 Hedge Ratios 

Table. 3 Hedge ratios 

𝜷𝒋𝒊𝒕 Median Std.Dev. 10% 90% 

NE/CPF 0.9135 0.126 0.651 1.0806 

NE/OPV 0.7245 0.2835 0.315 1.176 
NE/CFP 0.8295 0.126 0.588 1.029 

NE/SSERGR 0.693 0.105 0.525 0.861 

NE/GPVOL 0.672 0.084 0.558 0.819 

NE/WTI 0.063 0.0735 -0.019 0.1785 

OPVOL/CPF 0.618 0.147 0.326 0.8085 

OPVOL/NE 0.483 0.1575 0.2415 0.7245 

OPVOL/CFP 0.315 0.1155 0.126 0.504 

OPVOL/SSERGR 0.567 0.1365 0.3465 0.783 

OPVOL/GPVOL 0.315 0.1155 0.147 0.4935 

OPVOL/WTI 0.084 0.0735 0 0.231 

CPF/NE 0.84 0.2625 0.483 1.2606 
CPF/OPV 0.84 0.147 0.5355 1.0605 

CPF/CFP 0.6615 0.1155 0.4515 0.8295 

CPF/SSERGR 0.99 0.126 0.755 1.155 

CPF/GPVOL 0.618 0.126 0.378 0.798 

CPF/WTI 0.063 0.084 -0.031 0.1995 

SSERGR/CPF 1.02 0.21 0.6435 1.155 

SSERGR/OPV 0.7245 0.378 0.21 1.386 

SSERGR/CFP 0.987 0.2415 0.4515 1.3495 

SSERGR/NE 1.1705 0.21 0.6825 1.449 

SSERGR/GPVOL 0.8085 0.1785 0.378 0.9885 

SSERGR/WTI 0.0735 0.084 -0.042 0.231 

GPVOL/CPF 1.134 0.168 0.861 1.3725 
GPVOL/OPV 0.798 0.336 0.315 1.386 

GPVOL/CFP 1.071 0.1575 0.819 1.3655 

GPVOL/SSERGR 0.8925 0.147 0.705 1.155 

GPVOL/NE 1.2585 0.1365 1.071 1.5795 

GPVOL/WTI 0.063 0.084 -0.063 0.2205 

CFP/CPF 0.9345 0.1785 0.6825 1.1404 

CFP/OPV 0.7485 0.315 0.3675 1.206 
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CFP/NE 0.6975 0.1575 0.462 0.9765 

CFP/SSERGR 0.9765 0.147 0.8055 1.185 

CFP/GPVOL 0.6525 0.126 0.459 0.798 

CFP/WTI 0.0735 0.084 -0.031 0.2205 

WTI/CPF 0.1995 0.591 -0.084 0.855 

WTI/OPV 0.2995 0.855 0.005 1.485 

WTI/CFP 0.189 0.5025 -0.058 0.8775 

WTI/SSERGR 0.141 0.3415 -0.066 0.618 

WTI/GPVOL 0.189 0.84 -0.066 1.305 
WTI/NE 0.105 0.336 -0.066 0.2625 

Table 3 reports the minimum-variance hedge ratios across the selected markets. The ratios vary substantially 

across asset pairs, indicating differences in the hedge positions required for risk minimization. For example, 

the GE/CPF median hedge ratio of 0.9135 indicates that approximately 0.914 units of CPF should be 

shorted for each unit of GE, while the SSERGR/GE ratio of 1.1705 requires a comparatively larger hedge 

position. In contrast, the GE/WTI ratio is only 0.063, indicating a relatively small optimal WTI hedge 

position against GE exposure. Overall, the results demonstrate that optimal hedge positions vary 

considerably across market pairs and over time. 

4.4 Dynamic Correlation Findings 

The DCC estimates indicate that the conditional correlations between Green Energy (GE) and the 

other markets vary considerably over time Table 4. Among the reported series, GE generally 

exhibits stronger positive correlations with GPVOL, CPF, CFP, and SSERGR, whereas its 

correlation with OPVOL is comparatively weaker. The relationship with WTI is also more 

variable, indicating that the degree of co-movement between green energy and crude oil changes 

across periods. The time-varying pattern confirms that these market relationships are not constant. 

Periods of stronger and weaker co-movement are observed throughout the sample, supporting the 

use of the DCC-GARCH framework rather than a static correlation measure. These findings 

provide the basis for the subsequent analysis of volatility connectedness and portfolio 

diversification. 

Table 4. Time-Varying Correlation Matrix 

Time Period OPVOL CPF SSERGR GPVOL CFP WTI 

2017-Q1 0.28 0.48 0.53 0.74 0.53 0.38 

2017-Q2 0.28 0.64 0.32 0.85 0.57 0.43 

2017-Q3 0.46 0.54 0.53 0.7 0.56 0.4 

2017-Q4 0.38 0.57 0.46 0.86 0.45 0.28 

2018-Q1 0.25 0.54 0.43 0.44 0.63 0.51 

2018-Q2 0.35 0.79 0.56 0.78 0.63 0.48 

2018-Q3 0.25 0.6 0.6 0.71 0.6 0.48 

2018-Q4 0.25 0.49 0.59 0.67 0.58 0.31 

2019-Q1 0.32 0.68 0.42 0.71 0.46 0.54 

2019-Q2 0.11 0.48 0.47 0.5 0.56 0.26 

2019-Q3 0.13 0.62 0.53 0.68 0.57 0.46 
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2019-Q4 0.24 0.4 0.6 0.74 0.52 0.62 

2020-Q1 0.2 0.47 0.45 0.85 0.58 0.3 

2020-Q2 0.33 0.62 0.48 0.65 0.64 0.34 

2020-Q3 0.21 0.67 0.39 0.62 0.79 0.41 

2020-Q4 0.16 0.62 0.38 0.65 0.62 0.35 

2021-Q1 0.45 0.59 0.58 0.79 0.63 0.24 

2021-Q2 0.28 0.57 0.64 0.73 0.59 0.41 

 

4.5. Portfolio and Risk-Management Analysis 

The portfolio results complement the hedge-ratio analysis by illustrating differences in risk-adjusted 

performance across GE-based asset combinations. As shown in Table 5, the GE/GPVOL portfolio records 

the highest mean return (10.1%), whereas GE/CPF achieves the highest Sharpe ratio (1.90), indicating the 

strongest risk-adjusted performance among the reported combinations. In contrast, GE/WTI records the 

lowest return (6.5%) and the lowest Sharpe ratio (1.59). Overall, the results indicate that portfolio outcomes 

differ substantially depending on the asset combined with GE. 

Table 5. Risk and Return Analysis of Suggested Portfolios 

Portfolio Combination Mean Return (%) Risk (Standard Deviation, %) Sharpe Ratio 

GE/OPVOL 8.2 4.5 1.82 

GE/CPF 9.5 5 1.9 

GE/SSERGR 7.8 4.8 1.63 

GE/GPVOL 10.1 5.5 1.84 

GE/CFP 9 5.2 1.73 

GE/WTI 6.5 4.1 1.59 

 

4.6 Discussion 

The findings demonstrate substantial but heterogeneous interdependence among green energy, commodity, 

energy, and financial-market variables in China. The descriptive results first indicate pronounced non-

normality and heavy-tailed return distributions, supporting the use of volatility-sensitive modelling 

approaches. More importantly, the connectedness results identify Green Energy (GE) as the largest net 

transmitter of volatility, while OPVOL is the largest net receiver. This suggests that green-energy market 

dynamics are closely embedded within the broader commodity and financial system rather than operating 

as an isolated market. This finding is consistent with previous research documenting increasing interactions 

among conventional energy, renewable energy, commodities, and financial markets (Corbet et al., 2021; 

Hashmi et al., 2022).  The comparatively limited connectedness of WTI is particularly noteworthy. Most of 

WTI's forecast-error variance is attributable to its own shocks, indicating weaker volatility transmission 

with the other variables in the system. This complements Jiang and Kong's (2021) evidence that 

international crude-oil prices interact with Chinese energy stocks, while suggesting that the strength of such 

relationships can differ substantially across market components.  
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The DCC results reinforce this interpretation by showing that GE correlations are time-varying rather than 

constant. Such variation supports Engle's (2002) dynamic-correlation framework and the broader 

connectedness literature emphasizing that financial-market relationships evolve with changing market 

conditions (Antonakakis et al., 2020; Diebold & Yilmaz, 2014).   

The hedge-ratio and portfolio result further demonstrate the practical importance of this heterogeneity. 

Optimal hedge positions differ considerably across asset pairs, indicating that a uniform hedging strategy 

would be inappropriate. Moreover, GE/CPF records the highest reported risk-adjusted performance, 

whereas GE/GPVOL generates the highest mean return. These results are consistent with the literature 

emphasizing the portfolio and risk-management relevance of dynamic energy–financial market 

relationships (Hashmi et al., 2022; Corbet et al., 2021). Overall, the findings extend the existing literature 

by jointly demonstrating time-varying correlation, directional volatility connectedness, and heterogeneous 

diversification potential across China's green-energy, commodity, and financial market 

5. CONCLUSION 

This study examined dynamic relationships among green energy, crude oil, commodity prices, and the 

Chinese financial market using DCC-GARCH and volatility-connectedness approaches. The findings 

reveal substantial but heterogeneous market interdependence. Green Energy (GE) emerges as the largest 

net transmitter of volatility, whereas OPVOL is the largest net receiver. WTI exhibits comparatively limited 

connectedness with the other markets, suggesting that crude-oil shocks behave differently from the stronger 

linkages observed among green energy, commodities, and domestic financial-market variables. The time-

varying correlations further demonstrate that these relationships are not constant across market conditions. 

Hedge ratios also differ considerably across asset combinations, while the portfolio analysis indicates 

variation in risk-adjusted performance among GE-based portfolios. Collectively, these findings highlight 

the importance of accounting for dynamic market connectedness when constructing portfolios and 

managing exposure to energy- and commodity-related risks. For investors and portfolio managers, the 

results suggest that diversification and hedging strategies should be adjusted to changing market 

relationships rather than relying on static correlations. The findings represent market associations and 

connectedness and should not be interpreted as evidence of causal effects. 

6. LIMITATIONS AND FUTURE RESEARCH 

This study is limited to the selected Chinese energy, commodity, and financial-market indicators and the 

specified sample period. Future studies could extend the analysis to longer periods, additional renewable-

energy and commodity markets, and cross-country comparisons. Further research may also examine 

structural breaks, crisis periods, and major policy or geopolitical events using formal event-study or causal 

identification methods. Alternative connectedness and machine-learning approaches could additionally be 

employed to test the robustness and predictive value of the observed market relationships. 
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