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Abstract

:

This paper aims to examine whether there is inherent dynamic connectedness among coal market prices, new energy stock prices and carbon emission trading (CET) prices in China under time- and frequency-varying perspectives. For this purpose, we apply a novel wavelet method proposed by Aguiar-Conraria et al. (2018). Specifically, utilizing the single wavelet power spectrum, the multiple wavelet coherency, the partial wavelet coherency, also combined with the partial phase difference and the partial wavelet gains, this paper discovers the time-frequency interaction between three markets. The empirical results show that the connectedness between the CET market price and the coal price is frequency-varying and mainly occur in the lower and higher frequency bands, while the connectedness between the CET market price and the new energy stock price mainly happen in the middle and lower frequency bands. In the high-frequency domain, the CET market price is mainly affected by the coal price, while the CET market price is dominated by the new energy stock price in the middle frequency. These uncovered frequency-varying characteristics among these markets in this study could provide several implications. Main participants in these markets, such as polluting industries, governments and financial actors, should pay close attention to the connectedness under different frequencies, in order to realize their goal of the production, the policymaking, and the investment.
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1. Introduction


The global climate warming has brought a series of environmental problems during the last two decades. In response to the increased climate change concerns, policymakers in nearly all countries have makes great efforts to reduce CO2 emissions. From the financial market perspective, the development of the international carbon market is on the track, and the carbon emission trading (CET) markets have been growing rapidly since the Kyoto Protocol formally came into force in February 2005 [1]. Moreover, the Paris Agreement coming into effect in November 2016, further promises to control the global average temperature increase within 2 degrees Celsius in this century. These commitments of CO2 emissions reduction and the establishment of the CET scheme might play important roles in improving the situation of global climate warming.



China, as the largest emerging market, has witnessed a huge economic development since the reform and opening up in 1978. The process of industrialization and rapid economic development inevitably bring with huge energy consumptions, especially coal consumptions (According to the BP Energy Outlook’s data, the consumption shares of coal, oil and natural gas in China accounted for 61.8%, 19%, and 6.2%, respectively in 2016, while non-fossil energy consumption accounted for 13%), leading to large amounts of CO2 emissions in China. In fact, China has still remained the coal-based energy consumption structure and become the world’s largest CO2 emitter since 2006 [2], which makes China undertaking dual pressure from domestic environment problems and external carbon emission commitments. Therefore, aiming to optimize the energy consumption structure and realize the goal of CO2 emission reduction, the Chinese government makes continuous efforts to set up regional CET scheme pilots and foster the development of new energy in recent years (Until now, there are eight CET market pilots in China’s provinces and cities, namely as, Beijing, Shanghai, Guangdong, Shenzhen, Chongqing, Tianjin, Hubei and Fujian). Under this circumstance, understanding the dynamic nexus between China’s CET market, the energy market, and the development of new energy companies is of policy importance.



The purpose of the paper is to examine the dynamic interactions and price transmission nexus among China’s CET market, coal market, and new energy market. Understanding the linkages and transmission among these markets has operational and political significance highly relevant to the main participants in the Chinese energy markets: polluting industries, governments and financial actors. Previous studies have contributed to explaining this issue by employing several conventional time-domain techniques such as the vector autoregressive (VAR) approach, the autoregressive distribution lag (ARDL) model, the GARCH model, the multivariate empirical mode decomposition (MEMD) model, the Granger causality test, the cointegration test, and among others [3,4,5,6,7,8,9]. Until now, to our knowledge, there are only two studies considering this interaction in the frequency domain. Sousa et al. [10] rely on a multivariate wavelet method to investigate the correlation between the U.S. carbon emission trading (U.S. CET) market and several energy prices (the gas, coal, and electricity prices). Wavelet analysis is also adopted by Ortas and Álvarezb [11] and they reveal the interaction between the European carbon emission trading (EU CET) market and the main energy commodities in time and frequency domains. These studies provide robust evidence that the frequency-varying feature is important not only since energy commodity prices tend to be sticky in the short-run and perfectly flexible in the long-run but also since the information on the interactions in different frequencies provides implications for different players in the energy markets. In general, financial actors are more likely to be interested in understanding high-frequency interactions between energy commodities prices, while the polluters and regulators are also interested in lower frequencies. Considering these arguments, this paper further investigates the time- and frequency-varying feature of the interactions among the three markets, utilizing a novel multivariable wavelet method, especially in the China context, the largest developing economy in the world.



The contribution of this study to the existing literature mainly lies in the following two parts. For one thing, different from a wild range of existing research placing more weight on the EU or U.S. CET markets, we try to fill the research gap in the China context given that the Chinese CET market, despite its rapid development in the latest years, exhibits manifest structural differences from the developed markets. Furthermore, growing empirical evidence in terms of the EU CET and U.S. CET scheme has confirmed that CET allowances and energy markets are closely linked. Nevertheless, their connection with the new energy market is still a topic that remains largely unstudied. Especially for China recently undertaking the period of green economic transformation, which drives benign changes in energy consumption. Changes in energy consumption concepts and the commitment to the reduction of carbon emission both promote the rapid development of new energy industries. In view of this, this paper tries to investigate whether there exists inherent connectedness of the new energy market with the CET market and the coal market. For another, unlike the previous literature mainly considering these interactions in a time dimension, this paper adopts a novel multivariate wavelet analysis to explore the time-variation as well as the frequency-variation relationship of the CET allowances prices with coal market prices and new energy stock prices, which might shed new light on the existing literature. To the best of our knowledge, this study might be one of the first studies to employ a time- and frequency-dimension method to analyze this subject in China.



The remainder of this paper proceeds as follows. Section 2 reviews the related literature. Section 3 explains the methodology. Section 4 describes the data and does a preliminary statistical analysis. Section 5 discusses the empirical results. Finally, Section 6 concludes this paper.




2. Literature Review


The issue of dynamic interactions between fossil energy consumption, the CO2 emission trading allowance, and the development of new energy companies arouses much attention in academia during the last near decades. Different studies take different research perspectives and there exist two main fields of literature on detecting the relationship between them.



The first strand of the literature has concentrated on the linkage between the energy market and the CET market. Among these researches, a large number of studies focus on the European carbon emissions trading market and investigate the underlying determinants of the EU CET market price. Their empirical results show that fuel prices (i.e. coal, crude oil, and natural gas price), especially crude oil prices, are the main factor influencing the price of the EU CET market (see, for example, [4,12,13,14,15,16]). The possible reason is that fossil fuel energy demand will be adjusted according to changes in its price. Changes in fossil fuel consumption will lead to changes in carbon dioxide emissions, which may change the carbon demand in the CET market and ultimately affect the CET market price. Different from the literature concerning the traditional fossil fuel energy, D’Adamo [17] notes that new energy, such as photovoltaic resources, could drive the clean global economy of the future and also affect the price of EU CET market. Besides, Chen et al. [18] find that CET future market prices could exert an influence on the spot market price too. Through a linear regression model analysis, D’Adamo [19] reveals that the relationship between the circular economy and the price of CO2 is currently low. Moreover, there is also a handful of researches investigating the latent factors of U.S CET market prices. Kim and Koo [3] rely on a linear ARDL model to examine the response of U.S. CET market price to the changes of energy price and their findings indicate that the coal price has an effective influence on the U.S. CET price over the long-term rather than short-term. Hammoudeh et al. [20] utilize a quantile regression model to investigate the interaction between energy price and U.S. CET price and their empirical results show that the fluctuation of U.S. CET prices can be attributed to the natural gas, the crude oil, and the electricity prices. Marimoutou and Soury [21] show that the relationships between the energy market and the CO2 emission market fluctuate over time. Hammoudeh et al. [22] claim that the negative changes in coal prices can interpret the carbon market price better than the impact of positive changes in the short-term.



In recent years, several types of research start to pay attention to China’s CET market. Among these, Zhang and Zhang [23] find that there is a long-term negative nexus between the Shanghai CET market prices and the coal price. However, they also notice that it exists a positive interplay across different quantiles. Zeng et al. [24] rely on a SVAR model to detect the relationship between energy price and CET market price and drew a conclusion that the coal prices show a negative impact on the price of the Beijing CET market. However, Fan and Todorova [25] notice that there is no statistically significant relationship between energy indices and carbon allowance prices in the Beijing CET market and attribute it to the initial development stages of China’s carbon market. Chang et al. [26] utilize GARCH models to investigate the asymmetric clustering and regime-switching behaviors of the CET market in China. Furthermore, Chang et al. [7] apply a cointegration test to examine the dynamic interactions between the CET market and energy price. Lin and Jia [27] apply a computable general equilibrium model to detect the underlying determinants of CET market price and analyze the impact mechanism in China. Besides, Yang et al. [28] use the difference-in-differences model to investigate the impact of the policy of China’s CO2 CET on the carbon price and they find that this policy plays an important role in the stabilization of carbon price. Wang et al. [29] find that the CET pilot policy undertaken in China could contribute to CO2 abatement in the pilot provinces. Through applying the data envelopment model-slack based measurement method and difference-in-differences model, Zhang et al. [30] also examine the impact of the CET policy on environmental efficiency in China and find that the policy has significantly improved environmental efficiency in the pilot regions.



The second strand of the literature has attempted to examine the relationship between the CET market and the stock market of new energy firms. Henriques and Sadorsky [31] indicate that there does not exist significant interactions between the stock market of clean energy firms and EU CET market prices. Kumar et al. [32] also draw a similar conclusion. More recently, Jiménez-Rodríguez [33] finds the impacts of the European stock markets on the EU CET market prices. In China context, Zhu and Kong [34] apply a VAR model to detect this relationship and find that the interplays between the Shenzhen CET market price and the stock prices of new energy firms are ineffective. Different from these findings, Qin [6] claims that China’s CET market prices have a certain influence on the stock price of new energy firms and further indicates that the nexus between them is positively correlated. It is can be noticed that the interaction between these market prices still exists argues in academia, due that these findings do not consist of each other. Therefore, it is a worthy investigating issue, especially in China which has not much enough analysis on this topic before.



Compared with numerous researches that pay attention to investigating the CET price and energy price (especially crude oil price) in EU and U.S. markets, fewer studies have focused on China’s CET market. However, in order to realize the goal of CO2 emission reduction, China’s CET market is developing rapidly in recent years. Therefore, studies of China’s CET market can give us a better understanding of the current development in this market. In terms of empirical methods, Caruso et al. [35] suggest that mathematical models need to be applied in the related research to evaluate the economic aspects of CET price. However, a large body of research merely considers these interactions in the time domain, not including frequency analysis, which might bias the understanding of the nexus. Hence, this paper re-examines relationships between China’s CET market, the coal market, and the stock market of the new energy firms under time-and frequency-varying perspectives, trying to shew new light on previous researches.




3. Methodology


3.1. Continuous Wavelet Transformation


In order to investigate the dynamic links among China’s CET market, coal prices, and stock market of new energy companies across time and frequency domain, we apply an innovative multivariate wavelet method proposed by Aguiar-Conraria et al. [36], which can help us to detect dynamic interaction among variables from two dimensions of time-varying and frequency-varying [37].



Considering a time series x (t), its continuous wavelet transformation (CWT) with a considered wavelet ψ is a function of two variables    W x  ( τ , s )   scaling by s and translation by τ:


   W x  ( τ , s ) =  1     | s |         ∫  − ∞  ∞   x ( t )  ψ ¯     (   t − τ  s  ) d t  



(1)




where   τ , s ∈ ℝ , s ≠ 0  . When    | s |  < 1  , the windows of function    W x  ( τ , s )   become narrower, indicating that it is in a higher frequency. Similarly, for    | s |  > 1  , the windows become larger, implying a function with lower frequency.




3.2. Wavelet Power Spectrum and Bivariate-wavelet Tools


In a wavelet domain, the wavelet power spectrum (WPS) is a key concept denoted by     ( W P S )  x    which can be expressed as:


    ( W P S )  x  =  W x     W x   ¯  =    |     W x   ¯   |   2   



(2)







The WPS can give us a measure of the time-series’ variance at each time-frequency. Due to the wavelet ψ is complex-valued, the    W x    is also a complex value, and this transform can be represented by a polar formlike    W x  =  |   W x   |   e  i  ϕ x     ,   ϕ x  ∈ ( − π , π ]  . The angle    ϕ x    is called the (wavelet) phase.



Given two time-series, x (t) and y (t), the cross-wavelet transform    W  y x     is represented by:


   W  y x   =  W y     W x   ¯   



(3)




where    W x    and    W y    are the wavelet transforms of x and y. The absolute value    |   W  y x    |    is called the cross-wavelet power, which indicates the covariance between x and y across time and frequency.



The complex wavelet coherency of two time-series, x (t) and y (t) are defined by:


   ϑ  y x   =   S (  W  y x   )     [ S (    |   W y   |   2  ) S (    |   W y   |   2  ) ]   1 / 2      



(4)




where S denotes a smoothing operator in scale and time. For simplicity, we denote    S  y x   = S (  W  y x   )   and respectively use    σ x    and    σ y    to represent     S (    |   W x   |   2  )     and     S (    |   W y   |   2  )    , (i.e.,    σ x  =   S (    |   W x   |   2  )   =    S  x x       and    σ y  =   S (    |   W y   |   2  )   =    S  y y      ). Therefore, the complex wavelet coherency of two variables can be written simply as:


   ϑ  y x   =    S  y x      σ x   σ y     



(5)







The wavelet coherency is the absolute value of the complex wavelet coherency (   R  y x    ), which can be represented by    R  y x   =  |   ϑ  y x    |  =    |   S  y x    |     σ x   σ y     .



With a complex-valued wavelet, we are able to compute the wavelet phases of two time-series, x(t) and y(t). Moreover, we can further capture the possible leading-lag relationship between x(t) and y (t) by computing their phase-difference (   ϕ  y x    ) at each time and frequency. Specifically, the two time-series are in the phase and y leads x if    ϕ  y x   ∈ [ 0 , π / 2 ]  , and x leads y when    ϕ  y x   ∈ [ − π / 2 , 0 ]  . Similarly, the series is in anti-phase and x leads y for    ϕ  y x   ∈ [ π / 2 , π ]   while y leads x if    ϕ  y x   ∈ [ − π , − π / 2 ]  . Finally, the complex wavelet gain of y over x is defined by    G  y x    , as follows:


   G  y x   =    S  y x      S  x x     =  ϑ  y x      σ y     σ x     



(6)







In addition, according to Aguiar-Conraria et al. [36], we refer wavelet gain of y over x, and define the modulus of    G  y x     as    G  y x    , which can be written as:


   G  y x   =    |   S  y x    |     S  x x     =  R  y x      σ y     σ x     



(7)








3.3. Multivariate Wavelet Tools


This section introduces the formulas for multivariate wavelet tools, namely, multiple and partial wavelet coherency, partial wavelet phase-difference, and partial wavelet gain, considering three variables, y, x, and z.



The squared multiple wavelet coherency among these variables are denoted by    R  y ( x z )  2    which is represented by:


   R  y ( x z )  2  =    R  y x  2  +  R  y z  2  − 2 ℜ (  ϑ  y x    ϑ  x z      ϑ  y z    ¯  )   1 −  R  x z  2     



(8)




and we define that the multiple wavelet coherency among these three variables    R  y ( x z )     is the positive square root of    R  y ( x z )  2   .



In term of partial wavelet coherency, after controlling for z, we obtain the complex partial wavelet coherency between y and x, that is,


   ϑ  y x | z   =    ϑ  y x   −  ϑ  y z      ϑ  x z    ¯      [ ( 1 −  R  y z  2  ) ( 1 −  R  x z  2  ) ]   1 / 2      



(9)







Moreover, after controlling for z, we can obtain the partial wavelet coherency (   R  y x | z    ) and partial phase-difference (   ϕ  y x | z    ) between y and x, which is the absolute value and the angle of    ϑ  y x | z    .



Last, similarly, after controlling for z, we can obtain the complex partial wavelet gain between series y and x which can be expressed as:


   G  y x | z   =    ϑ  y x   −  ϑ  y z      ϑ  x z    ¯    ( 1 −  R  x z  2  )      σ y     σ x     



(10)







In addition, we define that the partial wavelet gain    G  y x | z     is the absolute value of    G  y x | z    , that is,


   G  y x | z   =    |   ϑ  y x   −  ϑ  y z      ϑ  x z    ¯   |    ( 1 −  R  x z  2  )      σ y     σ x     



(11)







As observed before, the partial wavelet gain can give us a measure of the degree of influence among variables, which is different from the traditional wavelet method.





4. Data and Preliminary Statistical Analysis


4.1. Data


This paper aims to examine the dynamic connectedness among the CET market, coal prices, and the new energy market in China. Given that China’s eight regional CET scheme pilots are still in the developing stage, this study adopts the Beijing CET market as a proxy for China’s CET market, which has been running smoothly compared to other pilots since its establishment [38]. Besides, considering the fact that China’s energy consumption structure dominated by coal and steam coal is the main power consumption for many industries, we select the steam coal price to represent China’s coal market price [38]. Meanwhile, in light of Sun et al. [39], we choose future price not spot price as a proxy for two reasons. First, the spot price of the steam coal may fluctuate frequently due to it only pays attention to the short-run demand and supply and the price. Second, the future price has the advantage to find forward prices, which can better represent the true value of coal prices. Therefore, this study selects the coal future price to reflect China’s coal market price [39]. Moreover, in order to realize the goal of CO2 emission reduction and response to problems of the environment, the Chinese government has promoted the development of new energy in recent decades. To some extent, the new energy market is an important strategic industry in China. Since the performance of new energy development can be effectively measured by stock price movements [40], this study makes use of the China New Energy Index (CNI) to a proxy for the development of the new energy firms.



The data of CET price can be obtained from the Carbon Emissions trading network of China (www.tanpaifang.com), the steam coal future contracts prices are chosen from the Zhengzhou Commodity Exchange (ZCE), and the CNI price is selected from databases provided by Wind Information Co., Ltd. (WIND). Instead of utilizing daily data, this study works with weekly averages. The data sampling period ranges from the 49th week of 2013 (early-December, 2013) to the 23rd week of 2019 (early-June, 2019), and a total of data has 283 observations. The beginning point is determined by the data availability of China’s CET market.



The details of the sampling price movement of the CET, Coal, and CNI are registered in Figure 1. The three market prices reflect different degrees of fluctuation during the sample period. It can be obviously noticed in Figure 1a that CET market prices have changed sharply from late-June to late-August in 2014. It can be contributed to the reason that the Beijing CET market becomes available to individuals to invest during this period. Different market participates might alter the demand and supply of the carbon emission allowance, which finally reflects on the fluctuation of market prices. In recent two years, the change in this market price starts to appear more fluctuating. Moreover, Figure 1b shows that the coal price witnesses a huge roaring from December 2015 to December 2016. The reason behind this can be interpreted by the Chinese government implemented policies to cut overcapacity for all industries during this period, especially for the coal industry [32]. The short-supply of coal pushes the coal price soaring. The coal prices appeared fewer fluctuations in subsequent years. Besides, Figure 1c illustrates the movement of the new energy stock price. Due to the Chinese government fostering the development of new energy industries, a large number of investment funds poured into the market and the stock price of new energy companies soared hugely before middle-June 2015. However, the Chinese stock market went through a great crisis in June 2015, and imperfect new energy storage technology leads to a relatively slow development of new energy, therefore, the stock price of new energy firms appeared a decreasing tendency in subsequent years. Since 2017, the new energy stock price reflected fewer fluctuations.




4.2. Preliminary Statistical Analysis


Due to the price returns have better statistical characteristics than the original prices, which are more suitable for the econometric analysis, this paper utilizes the logarithm returns of the series calculated as Ln(Pt) – Ln(Pt-1), where Pt representing the weekly prices of the CET market, the coal market, and the new energy market. Table 1 displays the descriptive statistics of the weekly returns of variables in this study. It can be obviously noticed that price returns of three markets all near to zero and all variables reject the null hypothesis of subjecting to a normal distribution. In addition, the standard deviation of the CET market shows the largest, implying the fluctuation of this market price is fiercer than others.



Moreover, in light of Aguiar-Conraria et al. [29], we also do a preliminary statistical analysis across time and frequency domain, utilizing the single wavelet power spectrum, which is different from the traditional descriptive statistics of variables. The novel approach might allow us to capture deeper features about time-series, where are ignored by the traditional method. The corresponding results are registered in Figure 2.



On the left-hand side, Figure 2(a.1–a.3) displays the weekly returns of the CET market price, the coal market, and the new energy stock market. On the right-hand side, Figure 2(b.1–b.3) illustrate each wavelet power spectrum, which reflects the intensity of the time-series variance for each time and frequency. Specifically, in terms of CET market prices, we can notice that the volatility is more significant at higher frequencies (smaller than 15 weeks) during the second half of 2018. Moreover, in the case of coal market price, it can be obviously found that there exist four dominant volatility regions. Three of them appear at high frequencies (around 20 weeks), which is happened from the second half of 2016 to early 2018. Another cycle appears around 80 weeks (about one and half-years), indicating that the coal market also has a significant volatility cycle area at low frequencies. Last, in the case of the new energy stock price, we can find that the volatility regions are mainly concentrated in the first half of the whole sample, between the second half of 2014 to early 2016. And the significant cycle areas across 20 weeks to 40 weeks, mainly in the middle frequencies.



From the traditional statistical analysis and wavelet power spectrum analysis of three market prices, we can notice that the results of the two methods are mutually reinforcing. However, compared with the traditional method, the wavelet power spectrum analysis has more advantages, because it could further reveal the high-frequency-vary features of the three market fluctuations. Therefore, the novel approach can capture the features of time series better than the traditional one. Despite this, it is still difficult to discover any interaction between them from the single wavelet power spectrum. In the next section, we will apply multivariate continuous wavelet tools to catch their possible interplays both across time and frequency domain.





5. Empirical Results


In this section, we will utilize multivariate continuous wavelet tools to investigate the interaction between the CET market, the coal market, and the new energy stock market. The wavelet analysis results between three markets are illustrated in Figure 3, Figure 4, Figure 5 and Figure 6, which can help us to capture the strongest interplays among them across time- and frequency domain. Note that the significance level of 10% (5%) is depicted by the thick gray (black) curve. The black contours near the edge are cones of influence (COI) in which edge effects exist, indicating unreliable indications of co-movement and causality beyond the COI (Readers can see Grinsted et al. [41] and Torrence and Compo [42] for more details on the COI). Moreover, the different color spectrum distinguishes the degree of coherency, ranging from cold color (low coherency-close to blue) to warm color (high coherency-close to yellow). In addition, we define a high-frequency band between 15–20 weeks, a middle-frequency region between 20–40 weeks, and a low-frequency area between 40–80 weeks to facilitate the interpretation of their interactions at each frequency band.



Figure 3 reports the multivariate wavelet coherencies among three markets. According to Figure 3, it can be clearly noticed that there are six main locations with high coherency at the significance level of 5%, which indicates that the three market prices are jointly significant to affect each other. In the 40–80 weeks frequency band, we find the most important one, which starts from the second half of 2017 to the middle of 2018. Also, in this frequency band, another high coherency runs from the late-2016 to the third quarter of 2017. Moreover, in the 20–40 weeks frequency areas, there is a large region with high coherency starting from the fourth quarter of 2014 to the end of 2015. Finally, the remaining three significant coherency areas are concentrated in the 15–20 weeks. Specifically, one starts from the second quarter of 2014 to the third quarter of 2014. The following one runs from the second quarter of 2015 to the third quarter of 2015. The last one starts in the second quarter of 2018 to the third quarter of 2018.



Although the multiple coherencies can detect the strong relationship between the CET market, the coal market, and the new energy stock market, it is still unable for us to distinguish the different impacts of each market. Therefore, we rely on the partial coherence, combined with the partial phase-difference, and the partial gains to further differentiate the influence of each market price after controlling another variable. The corresponding results are registered in Figure 4, Figure 5 and Figure 6.



Figure 4 displays the partial wavelet coherency between the CET market price and the coal price (left), the corresponding partial phase-differences (mid), and the partial wavelet gains (right). Figure 4 denotes that there are main five regions with high interactions. In the 15–20 weeks frequency band, we find three areas with significantly high coherency. The first two regions are in the second and third quarters of 2014 and 2015, respectively. In both areas, the partial phase differences are between –π and –π/2, which indicate that two market price returns are out-phase (i.e. negative relationship) with coal market price leading. Therefore, the financial actors in the CET market should also pay attention to the increase in coal price in the short-term, in order to avoid the loss of assets. Moreover, according to partial wavelet gains, we can clearly observe that the effect of coal market price changing on the CET market price is larger in 2015 than that of 2014. Similarly, the third one runs from the second quarter to the third quarter of 2018. The phase difference is between π/2 and π, implying that the relationship between them is still negative, however, with CET market price leading. The magnitude of the impact of the CET market price on the coal market price is as same as that of 2015. The possible reason behind is that when the CET market price increases in the short-term, in order to reduce CO2 emissions costs, the companies might tend to rely on cleaner energy, therefore, the demand for fuel with higher CO2 emissions (like coal) will be cut down, which generally brings the lower price of the coal market price.



At a lower frequency band (corresponding to 40–80 weeks), we notice that there are two regions with significantly high coherency. Both areas are located between late 2015 to the end of 2018. For the former region, the phase differences are between π/2 and π, suggesting that the nexus between two market prices are still negative, with the CET market price leading. Moreover, the partial wavelet gains show that the relationship is stable in both regions, with a value close to 1. In the case of the latter region, we find that the phase differences are between –π and –π/2, implying that the coal price negatively affects the CET market. The economic implication behinds these findings are as follows. In the long-term, the decreasing coal price will cut the production costs of industries that heavily depend on coal consumption (i.e. heating power industries and power generation industries). Therefore, these industries might tend to consider more demand for coal. Increasing coal consumption will inevitably increase carbon emissions, which in turn drives up the demand for carbon emission allowances, therefore making the CET market price increase.



Similarly, Figure 5 represents the partial wavelet coherency between the CET market price and the new energy stock price, the corresponding partial phase-differences, and the partial wavelet gains. Figure 5 indicates that there are two main high coherency regions at the middle and low-frequency bands, except for a region in the COI. The first one is located in the 20–40 weeks frequency band, running from the fourth quarter of 2014 to the end of 2015. The corresponding partial phase differences are between π/2 and π, which indicates that the relationship between two market price returns is negative, with the new energy stock price leading. Moreover, according to the partial wavelet gain, we can notice that the magnitude of the impact of the new energy stock price on the CET market price is around 0.5. The reason behind is that the cleaner energy will replace fossil energy, due to the development of new energy (economically, reflected in the value of the stock), which results in reduced CO2 emissions. Therefore, the demand for the CO2 emissions allowance is dropped and finally leads to the CET market price decreasing. The second is located in the 40-80 weeks frequency band and starts from the first quarter of 2017 to the second quarter of 2018. And the phase difference is between 0 and π/2, implying that the relationship between two market prices is positive, with the CET market price leading. Moreover, the corresponding partial wavelet gain shows that this high coherency relationship is stable and the coefficient appears to be 1. The economic implication of this finding indicates that increasing the CET market price means the pressure of the huge demand for CO2 emissions. However, in order to implement green economic development and meet the goal of CO2 emissions reduction, the government might take initiatives to cultivate the growth of new energy companies. Better future prospects make new energy company stock prices rise.



In addition, Figure 6 illustrates the partial wavelet coherency between the coal price and the new energy stock price (left), the corresponding partial phase-differences (mid), and the partial wavelet gains (right). It can be found that there are major three regions with high interactions. Specifically, in the 15–20 weeks frequency band, we find the first one that begins from the second quarter of 2014 to the third quarter of 2014. Combined with the partial phase-difference, it is clear that the coal price negatively leads to the new energy stock price. In the 40–80 weeks frequency band, we notice that there are two regions with high linkages, running from the second quarter of 2015 to the third quarter of 2015 and the first quarter of 2017 to the second quarter of 2018. Moreover, the partial wavelet gains of significant regions indicate that the connection between new energy stock prices and the coal price is stronger than others from 2017 to 2018. In the former region, the partial phase differences are between π/2 and π, which indicates that the change of new energy company stock prices will negatively alter the coal prices. The economic implication behind this is that there is an obvious substitution effect between these markets. And the continuing development of new energy will reduce the consumption of coal, therefore, the demand for coal and their prices will decline. However, in the latter region, with the help of partial phase-difference, we find the coal price positively affects the new energy firm’s stock price. The reason behind this is that when coal prices rise, the demand for coal will fall, while demand for new energy, as an alternative product, will increase, which in turn forces the research and development of new energy products. The prospect of new energy makes the stock price increase.



To facilitate the presentation, we summarize the above results in Table 2, which can help us to observe the relationship more clearly and further catch the different influences of each market. It can be clearly found that after controlling the new energy stock price, the relationship between the CET market price and the coal price is negative at both higher frequency (i.e. 15–20 weeks) and lower frequency (40–80 weeks). In addition, these connections are shorter in the higher frequency (in the short-term), while lasting longer in the lower frequency (in the long-term). In the case of the relationship between the CET market price and the new energy stock price, after controlling the coal price, we can obtain a similar finding. In the region of middle frequency, the new energy stock price has a negative impact on the CET market price. Besides, in the region of lower frequency, changes in the CET market price lead changes in the new energy stock price, however, the relationship is altered to be positive. Finally, after controlling the CET market price, we notice that the relationships between the coal price and the new energy company stock price are mixed. The coal price positively affects the new energy company stock price, while the new energy company stock price shows a negative impact on the coal price in the lower frequency. Compared to each partial wavelet gain, we can conclude that the partial wavelet gain in the lower frequency is larger than the middle or higher frequency, which indicates the connectedness among three markets is stronger in the long-term. According to these uncovered time- and frequency-varying characteristics, main participants in these markets, such as polluting industries, governments and financial actors, should pay close attention to the different connectedness among three markets under different frequency, in order to realize the goal of the production, the policymaking, and investment.




6. Conclusions


The issue of environment and the dynamic interactions between fossil energy consumption, CO2 emission trading allowance, and the development of new energy companies arouse much attention in academia during the last near decades. This paper adopts a novel multivariate wavelet analysis to explore the time-frequency co-movement and causality among them in China over the sampling period from the 49th week of 2013 (early-December, 2013) to the 23rd week of 2019 (early-June, 2019). Given that each market might have a different impact on others, we utilize the multiple wavelet coherency and the partial wavelet coherency, combined with partial phase difference and the partial wavelet gains to catch the time-frequency interaction between them.



The empirical evidence suggests that there are substantial time- and frequency-varying interactions between three market prices, suggesting that only considering time-domain model estimations performed by previous literature are not suitable to seize the actual nexus. First, the multiple wavelet coherency results suggest that there exists high coherency between the CET markets price and the coal price and the new energy stock price across each frequency band. Besides, there are more and shorter regions at a higher frequency band. Second, the findings of the partial wavelet coherency further help us to find the different impacts of each market price. Specifically, the interaction between the CET market price and the coal price is time-varying and both occur in the lower and higher frequency bands, while the co-movement between the CET market price and the new energy stock price both happen in the middle and lower frequency bands. Moreover, the co-movement between the coal price and the new energy stock price mainly exists in the lower and higher frequency band.



The findings of the current study provide several important implications. First, the presence of time- and frequency-varying features should not be ignored in future research when studying the interaction between the CET market, the coal price, and the new energy stock price. Moreover, this study further provides a better understanding of the dynamic linkages between the three markets for market regulators. For example, the CET market price is affected by the coal price and the new energy stock prices in the short- and middle-term, but in turn, it has limited impact. Therefore, in order to foster the development of the national CET market, the policymakers not only should take initiatives to stabilize China’s CET market price, but also should improve the financial function of the CET market in China, making it could impact related energy prices. In addition, for financial actors that mainly focus on the short-term connectedness among energy commodities prices, those findings might help them understand the high-frequency interactions and accordingly alter the different energy asset allocations in the short-term to avoid the price volatility risk. Besides, the interaction between the coal market price and the CET market in the lower frequencies suggests that polluting industries that heavily depend on coal consumption should pay attention to the changes of CET market prices in the long-term. Moreover, these polluters need to reduce their coal energy dependence through increasing research and development of new energy, which can not only reduce costs of carbon emissions and thus help them achieve their goal of the production but also make China’s environmental quality improved. The improvement of energy dependence structure in these polluting industries will inevitably decrease the demand for carbon emission allowances, therefore making the CET market price decrease.



However, this paper also has some shortcomings. For example, the model employed in the current paper cannot unravel asymmetric interactions among the three variables. The relationship between the CET market price and the other energy prices, such as coal prices and new energy prices, may differ when the CET market prices undergo positive or negative changes. Therefore, different methods could be applied to address this shortcoming in future research. An in-depth analysis of this motivation could give more profound implications.
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Figure 1. The price movement of the Carbon Emission Trading Market, Coal market, and New Energy Firms Stock Market. 
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Figure 2. (a) Represents the weekly return of each market. (b) plots each wavelet power spectrum. The significance level of 10% (5%) is depicted by the thick gray (black) curve. The white broken line indicates the maximum of the local wavelet power spectrum for each variable. The black contour near the edge is the cone-of-influence, implying the edge effects. The different color spectrum distinguishes the degree of variability, ranging from blue (low variability) to yellow (high variability). 
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Figure 3. Wavelet Multiple Coherency between CET market price and coal price and new energy firms stock price. The significance level of 10% (5%) is depicted by the thick gray (black) curve. The color code distinguishes the different coherency, ranging from blue (low coherency) to yellow (high coherency). 
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Figure 4. On the left-hand side, it plots the partial wavelet coherency between the CET market price and the coal price. The significance level of 10% (5%) is depicted by the thick gray (black) curve. The color code distinguishes the different coherency, ranging from blue (low coherency) to yellow (high coherency). In the middle, it displays partial phase-difference. On the right-hand side, it indicates the partial wavelet gain. 
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Figure 5. On the left-hand side, it plots the partial wavelet coherency between the CET market price and the new energy firm’s stock price. The significance level of 10% (5%) is depicted by the thick gray (black) curve. The color code distinguishes the different coherency, ranging from blue (low coherency) to yellow (high coherency). In the middle, it displays partial phase-difference. On the right-hand side, it indicates the partial wavelet gain. 
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Figure 6. On the left-hand side, it plots the partial wavelet coherency between the coal price and the new energy firm’s stock price. The significance level of 10% (5%) is depicted by the thick gray (black) curve. The color code distinguishes the different coherency, ranging from blue (low coherency) to yellow (high coherency). In the middle, it displays partial phase-difference. On the right-hand side, it indicates the partial wavelet gain. 
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Table 1. Descriptive statistics of variables in this study.
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	Variable
	Mean
	Max.
	Mini.
	Std. Dev.
	Skewness
	Kurtosis
	J-Brea





	RCET
	0.001
	0.473
	−0.426
	0.089
	0.236
	9.652
	522.564 ***



	RCOAL
	0.000
	0.070
	−0.090
	0.025
	−0.235
	4.212
	19.839 ***



	RNEWSTOCK
	0.001
	0.108
	−0.218
	0.044
	−1.100
	6.370
	190.321 ***







Note: asterisks *** represent significance levels of 1%.
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Table 2. Summary of the empirical results on the relationship between the CET market price, the coal price, and the new energy stock price in this study.
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Frequency Band

	
Time Span

	
Partial Co-movement

	
Wavelet Gains Coefficient

	
Partial Causality






	
Panel A: Results between CET and COAL | NEWSTOCK




	
15-20 weeks

	
2Q-2014 to 3Q-2014

	
Negative

	
About 0.2

	
Coal→CET




	

	
2Q-2015 to 3Q-2015

	
Negative

	
About0.5

	
Coal→CET




	

	
2Q-2018 to 3Q-2018

	
Negative

	
About0.5

	
CET→Coal




	
40-80 weeks

	
4Q-2015to 4Q-2016

	
Negative

	
About 0.75

	
CET→Coal




	

	
1Q-2017 to 2Q-2018

	
Negative

	
About 1

	
Coal→CET




	
Panel B: Results between CET and NEWSTOCK | COAL




	
20-40 weeks

	
4Q-2014 to 4Q-2015

	
Negative

	
About 0.5

	
Newstock→CET




	
40-80 weeks

	
1Q-2017 to 2Q-2018

	
Positive

	
About 1

	
CET→Newstock




	
Panel C: Results between COAL and NEWSTOCK | CET




	
15-20 weeks

	
2Q-2014 to 3Q-2014

	
Negative

	
About 0.5

	
Coal→Newstock




	
40-80 weeks

	
2Q-2015 to 3Q-2015

	
Negative

	
About 0.5

	
Newstock→Coal




	

	
1Q-2017 to 2Q-2018

	
Positive

	
About 1

	
Coal→Newstock
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media/file13.jpg
NEWSTOCK vs COAL | CET Partal Phasedifference 4y Partiol Gains.
& i
i &1
£ kR

s e s w7 o0 s & e 2o s 707 2 e
5
A 1
" 14

s 2w e s e R o 2w e 2w e
BETAT D Eu
- 20
] 2y

" S Sau ons e 2o TE 0

203 2015 2006 207 20 2013 2015 2006 207 208 2019





media/file4.png
NEWSTOCK(CNY)
— -2
= =
=

=

2013-12-07 2014-12-07 2015-12-07 2016-12-07 2017-12-07 2018-12-07

(c) The price movement of the New Energy Firms Stock Market






nav.xhtml


  sustainability-12-02823


  
    		
      sustainability-12-02823
    


  




  





media/file5.jpg
(a1 Carbon Emissions Trading.

I
i +.m,4,«h|4,1

n s e w7 s 2

(a2)Steam Cosl Future Contacts

s

Al

w

(33)CNI New Energy Index

ol

P

o2,
o

T )






media/file1.jpg
§
s
z
=
=
8

oBBRELBIVS
8833888388

DB VMRET  N5RE  DVRT 07207 015107

£ 888
8888

COAL(CNY/ton)

000
VLR VMRE  VSRG VR0 0720 NIS1207

(@) The price movement of the Carbon Emission Trading Market

(b) The price movement of the Coal Market






media/file7.jpg
Multiple Coherency: CET VS COAL and NEWSTOCK

155

0=

Period (weeks)

80§

i

L

—

014

015

2016

2017

2018

2019





media/file10.png
Perind (weeks)

CET vs COAL | NEWSTOCK

20

4{)

80

2014 2015 2016 2017 2018 2019

~20 weeks

15

20-4) weeks

40-80) weeks

Partial Phase-difference

7
/2
p_ 0

2014 2015 2016 2017 2018 2019

I
_F|'t_|"2_ \__J

2014 2015 2016 2017 2018 2019

pi

12

P 0

-pi/2

_Pl
2014 2015 2016 2017 2018 2019

15-20) weeks

20-4) weeks

40-80) weeks

Partial Gains

-

0
2014 2015 2016 2017 2018 2019

I~

2014 2015 2016 2017 2018 2019

1.5
1
0.5

i

i

\/_\/_\

014 2015 2016 2017 2018 2019






media/file12.png
Period (weeks)

40 &

80

2014

'NEWSTOCK vs CET | COAL

2015 2016 2017

2018 2019

20~40 weeks 15~20 weeks

40~80 weeks

Pa_rtial Phase—differgnce

pi [ L—
5 [ ]
pi/2 ‘
_pl L -

2014 2015 2016 2017 2018 2019

B .

2014 2015 2016 2017 2018 2019

pi
PO_

pi/2 |
=, 1 w

2014 2015 2016 2017 2018 2019

20~40 weeks 15~20 weeks

40~80 weeks

= —
D=

M= = W

Partial Gains _

014 2015 2016 2017 2018 2019

2014 2015 2016 2017 2018 2019

¥
iy

1
0.5

0
2

014 2015 2016 2017 2018 2019






media/file3.png
CET(CNY/ton)
oSS58 83E8S

2888888888

2013-12-07 2014-12-07 2015-12-07 2016-12-07 2017-12-07 2018-12-07

200.00

0.00
2013-12-07 2014-12-07 2015-12-07 2016-12-07 2017-12-07 2018-12-07

(b) The price movement of the Coal Market






media/file9.jpg
Period (weeks)

CET vs COAL | NEWSTOCK

Partal Phase-difference

Partial Gains

2
15 ]
§

%

T

ois 205 206 2017

LU

T /—’JV\'\/—’

1520 weeks

e 2005 20 207 208 29

é

LS

'

S

s 20

080 weeks






media/file0.png





media/file14.png
Perind (weeks)

NEWSTOCK vs COAL | CET R Partial Phase-difference 5 ] Partial Gains

a l. a
:ﬁ-—— pi?l § 2
S -pif2 =
PR s ===

20 T 2014 2015 2016 2017 2018 2019 = 2014 2015 2016 2017 2018 2019
=2 . .3 2
H Pl " e i
il S
T pif2 b \ F 05

49 kS L 0
~ 2014 2015 2016 2017 2018 2019 o~ 2014 2015 2016 2017 2018 2019
o _;,;; ,
4 B d 15

o E P[Il'lﬁ \J_\_-_ E ]]- |
T pi2 Z 0.5
L P g ..

2014 2015 2016 2017 2018 2019 - 2014 2015 2016 2017 2018 2019 = 2014 2015 2016 2017 2018 2019





media/file8.png
Mull:iple Coherency: CET V5 COAL and NEWSTOCK

'1‘|

208

Period (weeks)

"I AP

2014

2015

2016

2017

2018

0.3

0.2

0.1





media/file11.jpg
NEWSTOCK v CET CoaL

©

4 25 206 2017 208 209

15 2wesks

WS wesks

stwesks

Pagtial.

e diference

o & I

4 2
3 |
o B
2 2 0s)





media/file6.png
(a.1) Carbon Emissions Trac!i_ng

i mal ~H }'

[f.JMM

l
f

=N

2015 2016

(a.2) Steam Coal Future Contacts

2M7 2018

2019

0 ]f " W

[J

‘IH I / «p‘h
\f o

[ ].;'..,l my

r.r.."lj'|’

.05

0.1 =

2014 2015 2016 2017 2018 2019
s (a.3) CNI New Energy Index
01

0

" fr.b I ﬂ ]
|I |

RINE

-0.2
2014

2015 2016

207 2018

2019

PPeriod {weeks) Period (weeks)

IPeriod (weeks)

20014 2015 2006 2017 2018 2019
(b.2) Wavelet Power S m
1 L]
15 i -
|
20 . f S *
j S
o .-"._ - /"-P-TH.
8 "l -~ '
40 i -
-
Y —— '
&0 .J-“/ J;r
2014 2015 2016 20m7 2018 2019

(b.1) Wavelet Power Spe

(b.3) Wavelet Power Spectrum

2015 2016 07 2018

2019





media/file2.jpg
NEWSTOCK(CNY)

4000
2000
2000
1000

0

VB VMRE VSR NIERE D720 0181207

(©) The price movement of the New Energy Firms Stock Market






