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Abstract

:

In this study we examine the relationship between corporate green bonds and commodities (both perishable & non-perishable) that attracts very little attention in relative literature. For the first time, we investigate a long-term relationship between green bonds and commodities including a significantly higher number of commodities and observations. Furthermore, we adopt a novel methodology, the VaR (value at risk) based copulas, to describe the asymmetric risk spillover between green bonds and commodities by considering the asymmetric tail distribution. Our results reveal an insignificant risk spillover effect from commodity market uncertainty. Further, we found non-perishable commodities are transmitting risk to perishable commodities (barring lead). In addition, in contrast to other similar studies the risk spillover is comparatively higher regarding lead, gold, and agriculture commodities as against copper and silver. On the other hand, energy commodities have the least spillover effect. Finally, these results have several important implications for investors as well as for policymakers.
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1. Introduction


In the last years there has been a systematic action of enterprises to adopt policies that lead to a transition toward a low-carbon economy. Furthermore, the potential investors systematically seek to enclose in their portfolios more environmentally friendly investments. Their activities enhanced a new investment tool, the corporate green bonds. With simple words, these are corporate bonds that are committed exclusively to financing green projects (environmentally and climate-friendly projects). Renewable energy projects in Turkey, hydropower plants in Rampur in India and energy efficiency investments in Tunisia are some examples of successful green bond projects as mentioned by the World Bank green bonds impact report (World Bank, 2017) [1]. In 2018, the issuance of green bonds was approximately 250 billion USD as estimated by Moody’s, which is expected to touch 1 trillion USD by 2021. Premium of green bonds is different than non- green bonds (Zerbib, 2019) [2]. There are a variety of factors that affect the green premium such as environmental, social and economic factors (MacAskill et al., 2020) [3]. The premium is different in the primary and secondary markets. For instance, in the case of the secondary market, green bonds offer up to 70% premium. However, in the case of the primary market, there is no evidence on the percentage of premium. These bonds are growing and evolving rapidly, incorporating changes in the socio-economic environment. Although a considerable number of recent studies highlight the growing interest in green bonds (for instance, Monk and Perkins, 2020 examine in detail the emergence and diffusion of green bonds), very little attention is given to the relationship with commodities (Nguyen et al., 2020, Naeem et al., 2021, Naeem et al., 2021) [4,5,6].



To cover this research gap, in contrast to previous studies, we move to the persistent investigation of a long-term relationship between green bonds and commodities. Furthermore, we include a significantly higher number of commodities and observations. However, for first time in relative research activity we adopt VaR (value at risk) based copulas to describe the asymmetric risk spillover between green bonds and commodities by considering the asymmetric tail distribution. Following the literature on risk spillover between green bonds and the financial market, we further investigate how uncertainty from the commodity market results in risk spillover of green bonds. During COVID-19, the volatility of financial markets increased (Li, 2016) [7]. Our analysis will open new pathways both for potential corporate green bonds investors (e.g., portfolio design, risk management) and makers of environmental policy (e.g., acceleration of improvement of environmental footprint by enterprises).



We contribute to the emerging strand of studies that examine the causality and dependence between financial and green bond markets during the outbreak of COVID-19 pandemic. In particular, our study has many contributions. First, we include a significantly higher number of commodities and observations. Further, to the best of our knowledge, no other study has applied VaR-based copulas to investigate the dependency structure among green bonds and commodities. We investigated the predictive power of the green bond market on the commodity market during the outbreak of the COVID-19 pandemic. Additionally, we have explained the relationship between green bonds and commodities in the long run, which covers the COVID-19 pandemic period. The study will be beneficial to portfolio managers, who can make use of green bonds to diversify the risk of the commodity market.



We document several interesting findings. First, extreme price movements have no impact on volatility of WTI and agriculture commodities. Second, natural gas and copper exhibit safe heaven properties when paired with green bonds. Third, spillover effect is lowest in the case of energy commodities. Gold has the strongest positive connection with green bonds. Further, there is an insignificant relationship between green bonds and commodities as against the findings of Naeem et al. (2021) and Naeem et al. (2021) [4,5]. Additionally, perishable commodities other than lead are transmitting risk to non-perishable commodities. Green bonds have emerged as a net receiver of shocks from the commodity market.



The remainder of the paper is organized as follows. Section 2 provides a detailed review of the relative literature. Section 3 introduces the data and the methodological framework. Section 4 presents the empirical findings, together with a discussion of the results and policy implications. Finally, Section 5 concludes the paper.




2. Literature Review


First, it deserves mention that a significant part of the relative literature has explored the connectedness of commodities with the energy market (see, for instance, Albulescu et al., 2020; Balli et al., 2019; Mensi et al., 2017; Dutta et al., 2018) [8,9,10,11].



More precisely, López Cabrera & Schulz (2016) [12] give emphasis to the volatility spillover between energy and agriculture commodities. The authors calculate the hedging ratios as well using copulas. The study highlighted the transformation in the relationship between energy and agriculture commodities because of the change in consumption pattern of biofuels. Dutta et al. (2018) [10] points out that positive changes in the crude oil prices have a more severe impact on selected metals as compared to negative changes. Similarly, Mensi et al. (2017) [11] examined the correlation among commodity indices and found a time-varying asymmetric tail dependence between the pair of cereals as well as between oil, wheat, and corn. Their study highlights the benefits of oil and agriculture commodities as a risk hedging tool. Another prominent study is from Balli et al. (2019) [9]. The authors used structural VaR to study the impact of risk spillover on daily prices of 22 commodities. They found that the commodities exhibited strong connectedness during the global financial crisis (GFC). Then, Albulescu et al. (2020) [8] investigated the interconnectedness among the commodity market viz agriculture, metals and energy using copula analysis. Their study also revealed that, during the financial crisis, energy is not a good tool of hedging risk as compared to other commodities.



Despite the short period of development of corporate green bonds, an increasing number of studies emphasize the explanation of their features and performance. For instance, Flammer (2020) [13] states that, apart from environmental performance, these bonds have financial and ESG implications as well. Supporting this claim, Bofinger et al. (2022) [14] stated that a firm can enhance its valuation by fulfilling its ESG criteria as a response to positive market sentiment. Earlier, Zerbib (2017) [15] exhibited that demand of green bonds is comparatively low with respect to conventional bonds. His study also revealed that the rating affects the premium of green bonds. On the same wavelength, Baker et al. (2018) [16] show that green bonds carry higher premium as compared to other conventional bonds. The premium is even higher when these bonds are certified. Tang & Zhang (2020) [17] examine how the shareholders are benefitted by the issuance of green bonds. However, in terms of financial performance the return on green bonds was lower as compared to conventional bonds. Moreover, the issuance of green bonds attracts the interest of media which in turn enhances the image of the issuing firm. Finally, Flammer (2021) [18] shows that investors respond positively to the issuance announcement. This response is stronger for first-time issuers and bonds certified by third parties. Her research differs from the previous research of Tang and Zhang (2020) [17] because she examines how firm-level outcomes evolve following the issuance of green bonds. Furthermore, her study implies that the issuance of green bonds can help firms to fulfil its social responsibilities. Alonso-Conde and Rojo-Suárez (2020) [19] have analysed the profitability and solvency of green projects. The study found that green bonds are beneficial for issuers too, apart from fetching higher returns than conventional bonds. In addition, the issuance of green bonds results in an increase in the IRR for shareholders in the energy project financing.



Another significant strand of literature emphasizes the relationship of green bonds with other financial markets. Firstly, the researchers focus on the comparison and relationship with conventional bonds. Hachenberg & Schiereck (2018) [20] found a close association between them while they revealed that pricing of green bonds is significantly different from non-green bonds. Later, Reboredo et al. (2020) [21] reported the diversification benefit of green bonds in response to the energy market. Their study also revealed that green bonds are more popular in the UK and US markets. Further, Saeed et al. (2020) [22] examined the risk and return spillover between clean and dirty energy using mean-based connectedness measures. They showed that green bonds are not affected by the risk-return spillover effects. This feature makes them attractive for diversification unlike conventional energy assets. Afterwards, Nguyen et al. (2021) [6] found that the interdependency among green bonds and other financial markets increased spontaneously post-GFC. However, the connectedness among green bonds and stocks and green bonds and commodities is weak. Similarly, Liu et al. (2021) [7] stated that the green bonds market is not completely developed. Naeem et al. (2021) [5] and Naeem et al. (2021) [4] have explained the co-movement between green bonds and commodities and found that the spillover among green bonds and commodities is strong during financial crises.



The most recent studies examine the tailed dependency of the green bond market with other asset classes. For instance, Liu et al. (2021) [23] explored the dependency between green bonds and clean energy markets by using CoVaR. Tailed dependency was found between green bonds and clean energy implying that both markets together experience an up and down trend. They result in a positive link between green bonds and clean energy. Reboredo (2018) [24] applied copulas to reveal that pricing of green bonds is not clearly affected by the energy and stock returns.



The previous studies use a diverse range of econometric methods to explain the relationship between green bonds and clean energy (Liu, et al., 2021; Zerbib,2016) [7,25], cryptocurrencies and oil (Yin, et al., 2021; Gronwald,2019; Okorie, & Lin,2020) [26,27,28], safe haven properties of green bonds (Tang, & Zhang, 2020; Zerbib, 2016) [17,25] and commodities connectedness (Albulescu et al., 2020; Balli et al., 2019; Mensi et al., 2017 and Vacha & Barunik, 2012) [8,9,11,29]. In a prominent research study, Nguyen et al. (2021) [6] explain the relationship among green bonds and various asset classes, namely conventional bonds, equity, and commodities. In addition, Naeem et al. (2021) [4] exhibit the dependency between green bonds and commodities in the short term. One of the main contributions of our research with respect to these two papers concerns the persistent investigation of a long-term relationship between green bonds and commodities. Furthermore, we include a significantly higher number of commodities and observations. Additionally, we found an insignificant relationship between green bonds and commodities, both perishable and non-perishable (with select exception). In this context, for the first time in relative research activity we adopt VaR (value at risk) based copulas to capture the connectedness among green bonds and commodities.




3. Data Description and Methodology


In our study we explore the dependence between commodity futures markets and green bond returns based on daily data of ten Bloomberg Commodity Index commodities, which includes Western Texas Intermediate (WTI) crude oil, natural gas, heating oil, silver, gold, copper, lead, corn, wheat, and coffee. Therefore, we provide wide-ranging coverage of commodity markets by investigating three energy commodities, four metals, two base and three main agricultural commodities. The S&P Green Bond Index is used as a proxy for the green bond market. The data for the S&P Green Bond Index were obtained from the S&P Dow Jones Indices while those for commodities were obtained by a database of Bloomberg. The Western Texas Intermediate (WTI) crude oil is a scientific grade of crude oil, being sourced from Texas. It is a high-quality crude oil which can be easily refined. Heating oil, also known as fuel oil, is a petroleum product. Natural gas is a combination of gases in the atmosphere like methane, carbon dioxide and hydrogen sulfide. It is also referred to as fossil gas. Silver and copper are precious and industrial metals. Gold is a rare precious metal which is used for financing, investing and jewelry. Lead is a non-perishable commodity, which is mainly used in batteries and ballast. Corn, coffee and wheat are perishable commodities used for agriculture consumption. The description of the data is provided from the following Table 1.



The data sample of daily data spans the period between 30 March 2011 to 6 May 2021. The reason behind this time period solely rests on the fact that it comprised many turbulent events, such as the Crimea annexation (2014), Greek Debt Crisis (2015), BREXIT (2016) and COVID-19 (2020).



The contribution of our study is enhanced by the adoption of the copula theory within the framework of Patton (2009) [30]. In this way, we study the dependency pattern among green bonds and commodities using conditional distribution. Patton (2009) [30] has defined copulas as follows:



Let    y i  │ Z  , for r = 1, 2, …, x be the random variables of    H i    and  F  is a joint probability function of    y i  │ Z  , where ω is a support function of  Z  and  y  (  y  =    y 1  ,  y 2  … ,  y x   ).    C  P θ     is a copula function for each  y ϵ   N    and  Z  ϵ ω.


   F    y 1  ,  y 2  … ,  y x  │ Z     =  C  P θ      H i     y 1  z     … H x    y x  │ Z   │ Z   



(1)







   C P  θ   is unique if   H 1  ;...;   H x   are all continuous. F is a conditional function with marginals   H 1  ,   H 2  …….,    H x  .



F is an n-dimensional conditional distribution function with continuous marginals   H 1  ,   H 2  …….,    H x   and copula    C  P θ    , where    C P    for any    v     in [0, 1] x  and Zϵ ω;


     C  P θ      v 1  ,  v  2 ⋅   … ,  v x  │ z   = F   H ,   − 1      v x  │ z      



(2)







Let R be the maximum loss incurred due to the losses that are caused by two series R1 and R2, so that R = R1 + R2. The total risk R is affected by the dependence between the risk of those two series.



There exists a copula function    C p  θ  :[0, 1]2 ∈ [0, 1], which depends on parameter value θ, for a given (R1, R2) a random vector of risk components with  H 1 (r1) = Q(R1 = r1) and  H 2 (r2) = Q(R2 = r2) their respective continuous distribution functions


  H    (  r  1 ,    r 2    )    C p  θ    v 1  ,  v 2    , ∀  r  1 ,    r  2 ,   = ∈ L   



(3)




while    v 1     = H1 (   r 1   ) and    v 2     = H2 (   r 2   ) are the values of two random variables    v 1    and    v 2    that are uniformly distributed on the interval (0, 1).



Estimation of one or more parameters is necessary to determine the fitness of the copula, which is estimated with the help of pseudo-maximum likelihood as follows:


      R   θ ^   =    Σ i  =  1 x  R x    C p   θ ^     v   i 1    ,  v   i 2           



(4)






      A I C = − 2 R   θ ^   + 2 k  



(5)






   B I C = − 2 R   θ ^   +   k R x  x    



(6)







Finally, value at risk (VaR) for each copula is estimated within the framework of Mendes, 2005 [31] using the following step


  VaR   α  R  = inf   r ∈ L : H r  R  ≥ α   =   H − 1 r  α  ,  VaR   α  R    = inf {   l ϵ L : H R  l  ≥   α } =   H R −  α  ,  








where  α  denotes the desired level of confidence.




4. Empirical Findings and Discussion


We begin our analysis with a simple illustration that shows the dynamics of logarithmic returns in the commodity market and green bonds (Figure 1).



Clearly the commodity returns are especially volatile after 2020 with the novel coronavirus outbreak. The gold, silver and agriculture commodity returns display a similar volatility pattern, whereas the copper, lead and metals dynamics show no temporal pattern.



In continuation we provide a descriptive presentation of the data. Table 2 summarizes the descriptive statistics on the commodities under consideration, and on the S&P Green Bond Index.



Here standard deviation is used as a measure of volatility. The descriptive statistics demonstrate that silver is considerably less volatile than corn and wheat. Lead was found to be the largest receiver of up to four times higher returns than that of other commodities. The average returns are highest for heating oil and lowest for the S&P Green Bond Index. Positive values for skewness are common for all commodities except coffee and wheat. All returns exhibit excess kurtosis.



In the next step we provide Spearman’s rho and Kendall’s tau correlation between green bonds and commodities considering the non-normality of the variables.



We have a positive correlation between green bonds and lead, silver, copper, gold, and wheat. This implies that these markets experience upward and downward trends together. However, the correlation is negative in the case of WTI crude oil, heating oil, natural gas, corn, and coffee, implying that markets move in opposite directions. According to Spearman’s rho and Kendall’s tau, gold and green bonds have the strongest positive connection. The highest negative value is detected between green bonds and heating oil holds.



Correlation is not sufficient to offer a clear direction about the dependency between green bonds and commodities. For this reason, we adopt copulas to capture the connectedness between green bonds and commodities. Table 3 shows the lower tail and upper tail dependency parameters of various copulas.



Clayton shows the asymmetric dependency at lower tail and Gumbel captures a respective asymmetric dependency at upper tail. According to Liu et al. (2017a) [7], different copulas exhibit different properties. For instance, Student’s t copula can capture the symmetric tail dependence while Gaussian copulas fail to describe the tail dependence; since most asset classes globally aren’t strictly Gaussian, rather they follow log-normal distribution. Frank copula is used when there exists a greater dependency at both the tails rather than the median.



In Table 4 we show the AIC and BIC (penalties for reducing errors) values based on the dependency parameters and log-likelihood of Gaussian copulas(α), Student’s t copulas(β), Gumbel copulas(λ), Clayton copulas(γ), and Frank copulas (δ) to explain the dependency among green bonds and various commodities, namely metals, agriculture, and energy.



AIC and BIC values are used as a basis for selecting the best lag combination for each marginal model. Various copulas for each green bonds and commodity pair are compared on the values log-likelihood, BIC, and AIC. For heating oil and coffee, the AIC and BIC values were highest for the Clayton copula(γ) and AIC and BIC values were highest for the Gaussian copula(α) in the case of lead and copper. On the other hand, in the case of WTI crude oil, silver, gold, and wheat, the AIC and BIC receive maximum values for the Frank copula(δ) and AIC and BIC values were maximum for the Gumbel copula(λ) in case of corn and natural gas. AIC and BIC values were minimum for the Student’ t copulas(β) in case of all the commodities.



In Table 5 we provide the value at risk (VaR) at different percentiles for each copula. We show the tailed dependency of maximum risk between green bonds and each commodity. We estimate VaR as the information criteria log-likelihood, BIC and AIC are not sufficient to lead a precise conclusion to which copula is the best fit to the data.



Table 6, shows the VaR values of each commodities against green bonds at 90th, 95th and 99th percentile. As regards lead, the VaR is minimum for the Gumbel copula. In the case of heating oil and natural gas, Student’s t copula has the minimum value at the 90th percentile, while the Frank copulas hold the minimum value at the 95th and 99th percentiles. For silver and gold, the Gumbel copula has the minimum value at the 90th, 95th, and 99th percentiles. In case of copper and wheat, VaR is minimum for Gumbel copulas at 90 percentiles, while the Frank copula holds the minimum value at the 95th and 99th percentiles. VaR value was at minimum for the Frank copula at the 90th, 95th, and 99th percentiles in the case of corn. In the case of coffee, the Clayton copula holds the minimum value at the 90th percentile and at the 95th and 99th percentile the Frank copula has the minimum value. VaR receives the lowest value in case of natural gas and copper when paired with green bonds. On the other hand, lead followed by gold obtains the maximum value of VaR. Therefore, risk becomes minimum for a portfolio with a fusion of green bonds, natural gas, and copper. Contrary to this, lead, gold and agriculture commodities are more volatile when paired with green bonds as their joint probability of VaR is higher.



Figure 2 shows at value at risk (VaR) for the selected commodities and green bonds at 95% forecasting. The red line is VaR at a level of 95%. All the points below the red line are at risk at 95%. We can observe that fluctuation increases at the extreme right end for all the commodities and green bonds. Figure 2 clearly shows gold to be least risky commodity, followed by silver and corn. WTI crude oil is the riskiest commodity, followed by wheat. The graph of lead is similar to heating oil.



Figure 3 shows the network plot of green bonds and commodities. The figure clearly shows that the connectedness among various commodities and green bonds is very mild. Commodities with yellow nodes depict the effect of the net receiver of shocks, while commodities with blue nodes represent the effect of the net transmitter of shocks. The edges show the connectedness among the commodities and green bonds. Most of the commodities emerged as net receivers of shocks, which comprises of lead, green bonds, coffee, corn, wheat and natural gas, while silver, heating oil, WTI crude oil, copper and gold emerged as net transmitters of shocks. Further, lead and silver emerged as net receiver and transmitter of shocks, respectively. The connectedness was strongest between lead and copper. Lead receives shocks from WTI crude oil, heating oil, silver, gold, and coffee. Green bonds receive shocks from WTI crude oil, heating oil, silver, copper, gold, and wheat. Wheat receives shocks from WTI crude oil, heating oil, silver, copper, gold, and corn, while transmitting shocks to coffee. Coffee receives shocks from WTI crude oil, heating oil, natural gas, silver, copper, gold, and wheat, while transmitting shocks to lead. Corn receives shocks from heating oil, WTI crude oil, silver, copper, and gold, while transmitting shocks to natural gas. Natural gas receives shocks from silver, copper, gold, corn, coffee, WTI crude oil, and heating oil. On the other hand, gold is transmitting shocks to copper, lead, green bonds, wheat, coffee, and corn, while receiving shocks from silver. Copper is transmitting shocks to corn, coffee, natural gas, wheat and green bonds, while receiving shocks from gold, silver, heating oil and WTI crude oil. Heating oil is transmitting shocks to natural gas, copper, corn, coffee, wheat, green bonds, and lead, while receiving shocks from WTI crude oil. WTI crude oil is transmitting shocks to heating oil, natural gas, copper, corn, coffee, wheat, green bonds, and lead, while receiving shocks from silver. In other words, we can say that perishable commodities are receiving shocks from non-perishable commodities barring lead.




5. Concluding Remarks


In recent years, investors have systematically sought to enclose in their portfolios more environmentally friendly investments. Their activities enhanced a new investment tool, namely the corporate green bonds. These bonds are growing and evolving rapidly, incorporating changes in the socio-economic environment. However, studies regarding the relationship with commodities are still limited. To address this limitation, we adopt VaR (value at risk) based copulas to illustrate the asymmetric risk spillover between green bonds and commodities by considering the asymmetric tail distribution. Following the literature on risk spillover between the green bonds and the financial market, we further investigate how uncertainty from the commodity market results in risk spillover of green bonds.



We found an asymmetric spillover effect among commodities (with varying degrees) and green bonds. This dependency structure among various commodities was also found to be very weak. In other words, we can say that green bonds can be used to hedge the risk of commodities to a certain extent. The results indicated metals to be risker in comparison to agriculture and energy commodities. The outcome of the study can aid policymakers and investors to frame sound investment decisions. It can be beneficial to investors who mostly rely on banks to hedge their portfolio risk by fusing green bonds with commodities. As the study includes a large number of commodities, it can aid investors to explore the impingement of these commodities on green bonds for portfolios. The results of the study can be helpful for issuers of green bonds while framing policy decisions. Future research might examine the co-movement of other financial assets on green bonds or the impact of green bonds on the subcategorization of commodities viz energy, metals, and agriculture.



Our study provides various critical findings. First, we identify the asymmetric properties of different copulas of selected commodities. Second, by employing VaR quantiles for each copula, we estimate the dynamic risk spillover (very mild) between green bonds and the commodity market. The results from the network plot reveal an insignificant risk spillover effect from non-perishable commodities (barring lead) market uncertainty to natural gas, corn, copper, wheat, and green bonds. Therefore, we can have our third finding. Non-perishable commodities are transmitting risk to perishable commodities (barring lead). In contrast to the study of Naeem et al. (2021) [5], risk spillover is comparatively higher regarding lead, gold, and agriculture commodities as against copper and silver. On the other hand, energy commodities have the least spillover effect. Therefore, it is clear that energy commodities exhibit their safe heaven properties when paired with green bonds because their joint probability of risk is minimum.



Apart from portfolio diversification, green bonds also have environmental implications. Our results provide significant implications for market regulators and policymakers. As the investors are immensely beneficious of green bonds, a higher number of private equity bodies will be encouraged to enter the green market. This activity will also motivate industries and manufacturing units to use clean sources of energy in their production process. Second, issuance to green bonds can benefit companies from the corporate social responsibility angle. In conclusion, the expansion of the green bond market offers a viable perspective for enterprises and government towards environmental protection. The present study does not investigate the connectedness of green bonds with specific sub-sets of commodities viz energy, metal and agriculture. In addition, comparative analysis among the different markets on the basis of geographical region is not present. Finally, this study calls for future research. Future research can make a comparison of the connectedness among green assets and commodities during financial crises with non-crisis periods. Researchers can use dynamics of copulas to switch between different regimes. Researchers can further investigate the environmentally friendly financial markets. To this end we can evaluate the performance of these bonds by investigating how each sub-sector of the commodity market is related to green bonds.
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Figure 1. Log returns of commodities and green bonds. 
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Figure 2. VaR (value at risk) forecasting at 95% for commodities and green bonds. 
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Figure 3. Network Plot of green bonds and commodities. 
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Table 1. Description of data set.






Table 1. Description of data set.





	Authentic Name
	Abbreviation
	Source(s)
	Observations





	Western Texas Intermediate (WTI) crude oil
	wti
	Bloomberg
	2464



	Natural gas
	ng
	Bloomberg
	2464



	Heating oil
	Hto
	Bloomberg
	2464



	Silver
	sil
	Bloomberg
	2464



	Gold
	gold
	Bloomberg
	2464



	Copper
	copp
	Bloomberg
	2464



	Lead
	lead
	Bloomberg
	2464



	Corn
	corn
	Bloomberg
	2464



	Coffee
	coff
	Bloomberg
	2464



	Wheat
	wht
	Bloomberg
	2464



	Green bonds
	green
	S&P Dow Jones Indices
	2464
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Table 2. Descriptive statistics.






Table 2. Descriptive statistics.















	
	Min
	1st Quantile
	Mean
	3rd Quantile
	Max
	Std Dev
	Skewness





	SP green bond index
	−3.3600
	−0.2700
	−0.0086
	0.2500
	4.340
	0.5188
	0.3111



	Lead
	−199.00
	−17.500
	0.2173
	18.00
	217.00
	31.4247
	0.1407



	WTI
	−18.5696
	−1.2132
	0.0912
	1.3300
	25.3378
	2.8849
	0.5860



	Heating oil
	−26.2300
	−2.6400
	0.1051
	2.7600
	40.260
	4.9728
	0.3560



	Natural gas
	−0.1810
	−0.0067
	0.0011
	0.0085
	0.2076
	0.0242
	0.2786



	Silver
	−34.430
	−1.6900
	0.0677
	1.600
	71.920
	5.4814
	2.0804



	Copper
	−0.2280
	−0.0210
	−0.0002
	0.0200
	0.3190
	0.0417
	0.2595



	Gold
	−156.100
	−7.800
	−0.1657
	6.600
	140.400
	16.6598
	0.3504



	Corn
	−60.120
	−3.7500
	−0.0444
	3.500
	165.250
	9.1876
	2.6763



	Coffee
	−19.100
	−1.5500
	0.0456
	1.6500
	23.550
	3.1485
	−0.1119



	
	−44.370
	−4.7500
	−0.0361
	5.3800
	47.750
	9.2042
	−0.3693
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Table 3. Spearman’s rho and Kendall’s tau for each pair of green bonds and commodities.
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	Commodities
	Spearman’s Rho
	Kendall’s Tau





	Lead
	0.0358
	0.0247



	WTI crude
	−0.0155
	−0.0105



	Heating Oil
	−0.0176
	−0.5308



	Natural gas
	−0.0335
	−0.0231



	Silver
	0.0329
	0.0224



	Copper
	0.0349
	0.0235



	Gold
	0.0651
	0.0447



	Corn
	−0.0127
	−0.0087



	Coffee
	−0.0052
	−0.0033



	Wheat
	0.0008
	0.0005
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Table 4. Lower and upper tail dependency of various copulas.
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	Copulas
	Lower Tail Dependency
	Upper Tail Dependency





	Gaussian(α)
	0
	0



	t student(β)
	0.1895
	0.1895



	-Gumbel(λ)
	0
	0.3866



	Clayton(ϒ)
	0.4403
	0



	Frank(δ)
	0
	0










[image: Table] 





Table 5. Dependency parameters of various copulas.






Table 5. Dependency parameters of various copulas.












	
	Dependency Parameters
	Loglikelihood
	AIC
	BIC





	Lead
	
	
	
	



	α
	0.0244
	0.7255
	0.54886
	6.3580



	β
	0.0329
	17.1500
	−30.3088
	−18.6900



	λ
	1.0310
	4.7660
	−7.5310
	−1.7219



	ϒ
	0.0506
	3.7800
	−1.3891
	4.6488



	δ
	0.2229
	1.6400
	−1.2791
	4.5299



	WTI
	
	
	
	



	α
	−0.0163
	0.3241
	1.3517
	7.1608



	β
	−0.0187
	41.3700
	−78.7328
	−67.1145



	λ
	1.0200
	2.6290
	−3.2582
	2.5508



	ϒ
	0.0164
	0.3572
	1.2856
	7.0947



	δ
	−0.0996
	0.3171
	1.3657
	7.1748



	Heating Oil
	
	
	
	



	α
	−0.0232
	0.6557
	0.6885
	6.4977



	β
	−0.0179
	20.2200
	−36.4396
	−24.8213



	λ
	1.4491
	1.0110
	−0.0218
	5.7873



	ϒ
	−0.0104
	0.1452
	1.7095
	7.5187



	δ
	−0.1111
	0.403
	1.1940
	7.0032



	Natural gas
	
	
	
	



	α
	−0.0405
	2.0050
	−2.0096
	3.7994



	β
	−0.0383
	32.0200
	−60.0383
	−48.4200



	λ
	1.0090
	0.5429
	0.9142
	6.7234



	γ
	−0.0207
	0.5816
	0.8368
	6.6459



	δ
	−0.2150
	1.4790
	−0.9586
	4.8504



	Silver
	
	
	
	



	α
	0.0391
	1.8640
	−1.7287
	4.0803



	β
	0.0345
	55.5500
	−107.091
	−95.4722



	λ
	1.0470
	11.1200
	−20.2466
	−14.4375



	γ
	0.0656
	4.9280
	−7.8552
	−2.0461



	δ
	0.2130
	1.4410
	−0.8829
	4.9261



	Copper
	
	
	
	



	α
	0.0333
	1.3510
	−0.7019
	5.1071



	β
	0.0358
	21.6300
	−39.2588
	−27.6405



	λ
	1.0350
	6.3290
	−10.6578
	−4.8486



	γ
	0.0481
	5.8900
	−8.9635
	−2.6897



	δ
	0.2179
	1.5600
	−1.1207
	4.6883



	Gold
	
	
	
	



	α
	0.0678
	5.6210
	−9.2429
	−3.4337



	β
	0.0690
	41.2300
	−78.4507
	−66.8324



	λ
	1.0570
	15.7300
	−29.4618
	−23.6527



	γ
	0.0937
	11.5800
	−18.6938
	−14.8965



	δ
	0.4147
	5.5380
	−9.0759
	−3.2668



	Corn
	
	
	
	



	α
	−0.0236
	0.6803
	0.6393
	6.4484



	β
	−0.0169
	26.0500
	−48.1025
	−36.4842



	λ
	1.0030
	0.0494
	1.9011
	7.7103



	γ
	0.0074
	0.0709
	1.8580
	7.6671



	δ
	−0.0803
	0.2103
	1.5794
	7.3885



	Coffee
	
	
	
	



	α
	−0.0134
	0.2212
	1.5576
	7.3667



	β
	−0.0080
	11.0300
	−18.0522
	−6.4338



	λ
	1.0110
	0.7941
	0.4117
	6.2209



	γ
	−0.0018
	0.0040
	1.9919
	7.8010



	δ
	−0.0321
	0.0343
	1.9312
	7.7403



	Wheat
	
	
	
	



	α
	0.0064
	0.0508
	1.8983
	7.7074



	β
	0.0034
	9.3080
	−14.6152
	−2.9969



	λ
	1.0240
	3.5660
	−5.1319
	0.6771



	γ
	0.0011
	1.5968
	−3.6987
	2.5896



	δ
	0.0051
	0.0008
	1.9982
	7.8073
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Table 6. Value at risk (VaR).
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90.00%

	
95.00%

	
99.00%




	
Lead

	

	

	






	
α

	
99.3537

	
101.1033

	
103.0003




	
β

	
89.0252

	
91.9898

	
93.1054




	
λ

	
95.5078

	
98.1508

	
100.5275




	
ϒ

	
103.5368

	
105.8858

	
107.5736




	
δ

	

	

	




	
WTI

	
4.0276

	
5.1690

	
7.2863




	
α

	
4.0722

	
5.1516

	
7.3271




	
β

	
3.7588

	
5.0641

	
7.1541




	
λ

	
4.1123

	
5.2309

	
7.5838




	
ϒ

	
4.1614

	
5.0911

	
7.0895




	
δ

	

	

	




	
Heating Oil

	

	

	




	
α

	
6.6532

	
8.5872

	
12.0856




	
β

	
6.6032

	
8.5583

	
12.0762




	
λ

	
6.6198

	
8.4564

	
12.0058




	
ϒ

	
6.8851

	
8.6248

	
12.3731




	
δ

	
6.4956

	
8.4769

	
11.8788




	
Natural gas

	

	

	




	
α

	
0.6665

	
0.8816

	
1.2519




	
β

	
0.6665

	
0.8071

	
1.4923




	
λ

	
0.6917

	
0.8823

	
1.2392




	
γ

	
0.7032

	
0.8861

	
1.2520




	
δ

	
0.6821

	
0.8732

	
1.2274




	
Silver

	

	

	




	
α

	
7.3249

	
9.4617

	
13.2971




	
β

	
7.4726

	
9.4348

	
13.2767




	
λ

	
6.9612

	
9.3293

	
13.2234




	
γ

	
7.5989

	
9.4993

	
13.5906




	
δ

	
7.5989

	
9.3389

	
13.0869




	
Copper

	

	

	




	
α

	
0.6819

	
0.8986

	
1.2749




	
β

	
0.6938

	
0.8976

	
1.2609




	
λ

	
0.6858

	
0.8971

	
1.2578




	
γ

	
0.7297

	
0.9061

	
1.2857




	
δ

	
0.6946

	
0.8898

	
1.2447




	
Gold

	

	

	




	
α

	
21.6337

	
28.1283

	
39.3858




	
β

	
22.8089

	
28.9993

	
39.2877




	
λ

	
21.0906

	
27.9931

	
39.2877




	
γ

	
22.6438

	
28.0228

	
39.6996




	
δ

	
23.0213

	
29.9270

	
41.1056




	
Corn

	

	

	




	
α

	
12.4612

	
15.6746

	
21.9907




	
β

	
12.2480

	
15.6228

	
21.9274




	
λ

	
12.2802

	
15.5515

	
21.9832




	
γ

	
12.6043

	
15.6710

	
22.2636




	
δ

	
11.9930

	
15.5375

	
21.7526




	
Coffee

	

	

	




	
α

	
4.4049

	
5.6449

	
7.9388




	
β

	
4.4707

	
5.6279

	
7.9795




	
λ

	
4.1201

	
5.5359

	
7.8193




	
γ

	
4.5373

	
5.7077

	
8.2298




	
δ

	
4.5559

	
5.9608

	
8.7362




	
Wheat

	

	

	




	
α

	
12.1095

	
15.6947

	
22.0203




	
β

	
12.5641

	
15.6428

	
21.9578




	
λ

	
11.6562

	
15.5693

	
22.0146




	
γ

	
12.6019

	
15.6899

	
22.2938




	
δ

	
12.7703

	
15.5556

	
21.7830
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