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Abstract: Since carbon price volatility is critical to the risk management of the CO, emissions trading
market, research has focused on energy prices and macroeconomic drivers which cause changes in
carbon prices and make the carbon market more volatile than other markets. However, they have
ignored whether the impact of carbon price determinants changes when the carbon price is at different
levels. To fill this gap, this paper applies a semiparametric quantile regression model to explore the
effects of energy prices and macroeconomic drivers on carbon prices at different quantiles. The model
combines the advantages of parameter estimation, nonparametric estimation and quantile regression
to describe the nonlinear relationship between carbon price and its fundamentals, which do not need
to make any assumptions about the random error. Carbon prices are high-tailed and exhibit higher
kurtosis, the traditional models which tend to assume that data are normally distributed can’t perform
well. Furthermore, the semiparametric model doesn’t need to assume that the data are normally
distributed. Therefore, the semiparametric model can effectively model the data. Some new evidence
from China’s emission trading scheme (ETS) pilots shows that energy prices and macroeconomic
drivers have different effects on carbon prices at high or low quantiles. First, the negative impact
of coal prices on carbon prices was greater at the lower quantile of carbon prices in the Shenzhen
ETS pilot. However, the effects of coal prices were positive in the Beijing ETS pilot, which may be
attributed to great demand for coal. Second, oil prices had greater negative effects on carbon prices at
higher quantiles in Beijing and Hubei ETS pilots. This can be attributed to the fact that businesses use
less oil when carbon prices are high. For the Shenzhen ETS pilot, the effects of oil prices were positive.
Third, natural gas prices have a stronger effect on carbon prices as quantiles increased in the Beijing
and Hubei ETS pilots. Lastly, the effects of macroeconomic drivers on carbon prices at low quantiles
were stronger in the Shenzhen ETS pilots and higher at the medium quantiles in Beijing and Hubei
ETS pilots. These findings suggest that the impact of determinants on the carbon prices at different
levels is not constant. Ignoring this issue will lead to a missed warning about the risks of the carbon
market. This study will be of positive significance for China’s emission trading scheme (ETS) pilots,
in order to accurately monitor the effects of carbon prices determinants and effectively avoid carbon
market risks.

Keywords: semiparametric quantile regression; China’s ETS pilot; carbon price; energy price;
macroeconomic level
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1. Introduction

Global climate change endangers ecological security, and has become the largest threat to the
world’s sustainable development. In response to the 2030 Sustainable Development Goals (SDGs)
proposed by the United Nations, China has launched emission trading scheme (ETS) pilots and a
national carbon market to reduce carbon emissions and achieve sustainable development. As the
intensity of carbon emissions trading increases, carbon price fluctuations will affect the confidence of
market participants. For risk management applications, it is necessary to know the price determinants
of CO, emission certificates. In this context, there are a couple of issues worthy of attention, i.e.,
(1) what exactly influences the carbon price and how does it affect it? (2) is this effect constant or
variable with the different levels of carbon prices? In this paper, we elaborate on these questions in
more detail.

Due to the rapid development of the global economy and the acceleration of industrialization,
fossil fuels have been extensively used in recent decades, resulting in a large amount of CO, emissions.
According to Dudley [1], carbon emissions from energy consumption increased by 2% in 2018, reaching
their highest level since 2011. These emissions have greatly affected the sustainable development
of human society; therefore, they are concern worldwide. To address the environmental challenges
caused by climate change, the well-known 2030 Agenda and Paris Agreement have been adopted to
coherently implement climate action and sustainable development practices [2]. The 2030 Agenda for
Sustainable Development has been advanced for coordination between global economic development
and environmental protection [3]. However, the Paris Agreement aims at strengthening the global
response to climate change by controlling the temperature goal [4].

To comply these agreements, China has been actively participating in an international cooperation
to achieve peak carbon emissions by approximately 2030 using carbon emission trading pilots and
a nationwide carbon market [5], which is considered a cost—effective method market mechanism in
climate change mitigation [6-8]. To develop a carbon emission trading market, China has launched
several pilots in Beijing, Hubei, Shenzhen, Guangdong, Shanghai, Tianjin and Chongqing since 2013,
and a pilot in Fujian in 2016, while a national carbon market was started on 19 December 2017 [9].
All these attempts are rather novel in China, which is far from having a mature carbon emission trading
scheme. Several lines of evidence have shown that many limitations exist in the pilot ETSs operating
in China, such as their immature financial support, weak market liquidity and uncertain information
transmission, etc. [10-12]. These factors result in price abnormalities, which may adversely influence
the development of the carbon market in China [13]. To overcome these limitations, it is essential
to understand carbon prices dynamics and to establish a scientific influencing mechanism between
the price of carbon and its determinants. This study may not only help policy-makers formulate a
reasonable carbon pricing mechanism but also provide useful information for businesses and investors
who participate in carbon trading activities, in order to help them manage the risk caused by carbon
price fluctuations.

Many scholars have studied the determinants on carbon prices, which are mainly divided into two
categories. One category of literature focuses on the effects of energy prices on carbon prices [14-26].
Hammoudeh et al. [18] analyzed the effects of coal prices, oil prices and natural gas prices on carbon
prices, and found that an increase in natural gas prices can restrain carbon prices, but coal prices had no
significant effects on carbon prices. Yu et al. [21] comprehensively considered the linear and nonlinear
relationships between the carbon market and the crude oil market. Employing linear and nonlinear
Granger tests and multiscale analyses, these authors found that there are different causal relationships
between carbon prices and oil prices at different time scales. Hammoudeh et al. [20] used a nonlinear
autoregressive distributed lag model to analyze the nonlinear effects of energy prices on carbon prices,
and found that oil prices and natural gas prices negatively affect carbon prices. Zhang and Sun [22]
found a positive relationship between the carbon market and the energy market. Chevallier et al. [25]
found a negative correlation between carbon prices and natural gas prices in the EU ETS.
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Another category of literature focuses on the effects of the macroeconomic level on carbon
prices. Instead of arriving at a consistent conclusion, the existing literature can be summarized into
different viewpoints on the positive or negative effects. Several scholars have suggested a positive
relationship between macroeconomic factors and carbon prices [27-32]. Koch et al. [29] employed
multivariate regression models to research the effects of macroeconomic activities in Phase I and the
first year of Phase III; they found that macroeconomic activities positively impacted European Union
Allowances (EUA) prices. Jiménez—Rodriguez [31] tested for causality between the main European
stock market indices and prices in three phases of the EU ETS, and concluded that economic activities
positively impact EUA prices, except for those in Phase I. However, several scholars have argued
that the macroeconomic level has a negative influence on carbon prices [16,33,34], which is contrary
to the positive relationship between macroeconomic factors and carbon prices confirmed by most
studies. Several studies have confirmed a nonlinear relationship between the macroeconomy and
carbon prices [24,27,28]. Yuan and Yang [32] employed a generalized autoregressive score-dynamic
conditional score-Copula (GAS-DCS-Copula), and found that stock market uncertainty can transfer
risk to carbon market.

To explain this disagreement, Cai et al. [35] proposed that the contradictory empirical results
may be caused by nonlinearities in the objects studied. As Zhu et al. [24] point out, most existing
studies have only focused on the linear relationship between carbon prices and their determinants by
adopting linear models, but have ignored the nonlinear relationships that may be contained among
them. Ignoring these nonlinearities may be insufficient for the full examination of the effects of factors
on carbon prices. A quantile regression can effectively examine the nonlinear effects of energy prices [19]
and the macroeconomic level on carbon prices. Unlike energy prices, the macroeconomic level can
indirectly affect carbon prices. There is an inseparable relationship between the macroeconomic level
and industrial production [34], which causes carbon emissions. Carbon emissions can affect carbon
prices via the demand for carbon allowances. The nonparametric analysis has been used to analyze
the relationship between economic development and carbon emissions [36,37]. Accordingly, we also
employed nonparametric analysis to investigate the impacts of the macroeconomic level on carbon prices.

Therefore, we propose a semiparametric quantile regression model that combines the advantages
of parameters estimation, nonparametric estimation and quantile regression to describe the nonlinear
relationship between carbon price and its fundamentals. This method shows greater flexibility than the
specified parametric model [38]. We set a function as the nonparametric part of the model to reflect the
effects of the macroeconomic factors on carbon prices and allow the effects of energy prices (coal, oil and
natural gas) to be parametric in form. The approach of quantile regression first introduced by Koenker
and Basset [39] aimed to investigate the effects of an observable covariate on conditional quantiles of
the distribution of the response, instead of solely the effect of the covariate on the conditional mean [40].
Since this study, quantile regression has become a popular method because of its improved statistical
properties in empirical studies of financial issues [41-44]. Lee and Li [42] examined the effects of
diversification on firm performance based on quantile regression. Zhu et al. [43] employed a panel
quantile regression to investigate the dependence between real crude oil and Chinese real stock market
returns. Jiang et al. [44] used a quantile regression to investigate the effects of capital buffer on bank
risk-taking in China.

Many researches have focuses on the dynamics of carbon prices in EU ETS; however, the
construction of China’s carbon market cannot completely replicate the EU’s mature experience,
as China has very different policy planning, and a very different economic system and market maturity
relative to those of the EU [45-47]. Therefore, it is necessary to study the factors that influence the carbon
market in accordance with China’s national conditions; related research is rather sparse [13,48-50].
This literature gap restricts our understanding of the mechanisms that impact China’s carbon prices,
and hinders the formulation of regulators’ carbon pricing policies and the management of investors’
risk related to carbon price volatility [51]. Therefore, we employed semiparametric quantile regression
to examine the effects of energy prices and the macroeconomic level on carbon prices in China to
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analyze the effects of determinants on carbon prices for different carbon prices, which is of great
practical significance. In this paper, we capture the effects of the macroeconomic level on carbon prices
through the nonparametric component of semiparametric quantile regression.

The main contributions of this paper are threefold. First, we introduce a semiparametric quantile
model to investigate the mechanism that influences the relationship between carbon prices and their
determinants, which is more flexible and robust than the methods that have been used in the existing
literature. Second, this paper addresses concerns about the context of China’s carbon emissions
trading pilots in Beijing, Hubei and Shenzhen, which lack research but urgently need to be studied.
Third, we draw several new and valuable conclusions, which are different from those in previous
literature. The remainder of this paper is organized as follows. Section 2 details the methodology of
semiparametric quantile regression and the data we used. Section 3 displays the results. Section 4
describes the conclusions and policy implications.

2. Methodology and Data

2.1. Methodology

Compared with ordinary least square, the quantile regression model is more robust, mainly
because the quantile regression model does not need to make any assumptions about the random
error, so the random error term in the model can satisfy any probability analysis. What’s more,
the quantile regression model has strong resistance to outliers in data because quantile regression is a
regression analysis of all quantiles. Unlike the ordinary least square, which only fits a curve, quantile
regression can fit a cluster curve. When independent variables have different effects on the distribution
of dependent variables in different parts, the general characteristics of conditional distribution can
be described more comprehensively. The traditional models tend to assume that data are normally
distributed, while the evidence shows that carbon prices are heavy-tailed, and exhibit higher kurtosis
and heteroscedasticity [8,12,52-54]. Without any assumptions of the data distribution, the proposed
semiparametric quantile regression model is robust and can fully describe the distribution of the dependent
variable to reflect the tail characteristics of the distribution. Additionally, previous studies that focused
on the effects of determinants on carbon prices failed to assess the effects on the extreme distribution
of carbon prices, resulting in an incomplete analysis. The semiparametric quantile regression can fully
capture the effects of the determinants on carbon prices under both normal and extreme conditions.

To assess the possibility of a nonlinear relationship between carbon price and its fundamentals,
we employ a semiparametric quantile regression model for this issue, which was developed by
Koenker [55]. The biggest advantage of this model is that it can not only observe the complex
relationship between variables but also capture differences in effects across quantile levels, so that the
model has a wide application space. The semiparametric quantile regression conditional function of y;,
given x; in 0-th quantile, can be expressed as:

D
Qui (O1) = xiB(0) + Y myp(xia) (1)
d=1

where y is the dependent variable which is assumed to rely on x. As for p(6), where 0¢[0,1],
it represents the unknown parameter vector of the semiparametric quantile regression. Furthermore,
my(x;7), a nonparametric component whose form is arbitrary, is utilized to make local adjustment to
the explanatory variable. In our study, we choose energy prices as parametric components and the
macroeconomic level as the nonparametric component.

We can estimate $(0) by solving for the following minimization problem:

o) = arg’gg?@),m)z po(yi —xB(0) = LE_ mao(xia)) + AolIB(O)ll1+
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where the loss function pg(u) is defined as:

po(p) = p(0—1(n<0)) ®)

and I(.) is the indicator function. The method divides the residuals into positive and negative values,
and the weights are 0 and 1 - 6 [39]. || (6)||1=):f:1|ﬁ (9) k), and (Vm,) represents the total variation of
the derivative of m (or the gradient vector), and are defined precisely in Koenker [55]. According to
Koenker [55], the selection of A relies on a Schwarz [56] like criterion,

SIC () = nloga (1) + 3p(1) log(n) @)

where 6(A) = n LY po(yi— xXp(0) - 25:1 mgo(xiq)), p(A) is the effective dimension of the fitted
model. Koenker [55] proposed to narrow the region of optimization and then resort to some form of
global optimizer to narrow the selection. We can optimize SIC (1) through the R function. The R codes
used to construct model are provided in Koenker [55].

In order to reduce the fluctuations and heteroscedasticity of the time series, we measured the data
in natural logarithms. y; is the dependent variable which denotes the log of carbon prices, including
BJA, HBA and SZA. i represents the time frame from the launch date of each pilot to 28th June 2019.
The coal, oil and natural gas price for time point i are denoted by COAL;, OIL; and LNG;, respectively.
STOCK; for time point i denotes the daily closing prices of the Shanghai composite index, which is
the proxy of the macroeconomic level according to the existing literature [24,34,51,57]. B1(6), B2(6)
and B3(6) show the marginal effects of coal prices, oil prices and natural gas prices on the 6 quantiles,
respectively. mg(InSTOCK;), a nonparametric component, is an arbitrary function which shows the
nonlinear effect of the macroeconomic level on the carbon price on the 6 quantiles. InCOAL;, InOIL;,
InLNG;, InSTOCK,; represent the natural logarithm of coal prices, oil prices, natural gas prices and the
closing price of the Shanghai composite index. For the specific issue we study, the semiparametric
quantile regression is given by

Qy: (0lx;) = a(0) + p1(0)InCOAL; + B2(0)InOIL; 4 3(0)InLNG; + mg (InSTOCK;) (5)

where a(6) denotes the intercept on the 6 quantiles. Generally, this model can capture the marginal
effects of energy prices on carbon prices by parametric components, and the effects of macroeconomic
level on carbon prices can be expressed by the nonparametric component.

2.2. Data

This paper examines the dependence between the carbon price and its determinants in China’s
ETS pilots. Until the end of June 2019, all the ETS pilots considered here covered approximately
3000 key emission units in power, steel, cement and other industries. The accumulated trading volume
exceeded 330 million tons, for a total value of approximately CNY 7.1 billion. The total amount and
intensity of carbon emissions in the pilot areas achieved a ‘double decline’, which confirms that the
carbon market has been effective for controlling carbon emissions.

In this study, we selected three ETS pilots (Beijing, Hubei and Shenzhen) in which to conduct
empirical analyses, and we considered the representative and particular features of these ETS pilots
as follows. First, China’s carbon pilots span the northern, central and western, and southeast coastal
regions, including a total GDP of 22 trillion yuan and an energy consumption of 840 million tons of
standard coal, which account for 19%, 30% and 21% of the total amount, respectively [58]. Among the
pilots, Beijing, Hubei and Shenzhen are exactly representative of northern China, central and western
China, and the southeast coastal areas, respectively. The three pilots have both common features and
regional differences, which are highly representative.

Second, these three ETS pilots have their own characteristics. Beijing is the capital of China, and its
level of economic development has always been at the forefront of Chinese cities. The recent structure
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and growth rate of carbon emissions in Beijing are significantly different from those of other pilot
provinces and cities. The design of the pilot system fully takes into account the phased characteristics
of social and economic development, energy consumption and carbon emissions [59]. The Hubei
ETS pilot had been in full operation for two cycles by 2017; it led the trade volume and had good
market liquidity and basically stable carbon prices without a sharp rise or fall, as shown in Figure 1.
The accumulated trading volume was 37.386 million tons, accounting for 37% of the national total.
The system design of the Hubei ETS pilot played an important role in ensuring the stable operation of
the carbon market, and coordinating economic development and emission reduction. In contrast to the
Beijing and Hubei ETS pilots, the Shenzhen ETS pilot was the only pilot at the sub—province level,
but it was the first of the pilots in China to start operating. The Shenzhen ETS pilot covered a total of
794 entities from a broad scope across the energy, industry, building and transport sectors [60].
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Figure 1. Dynamics of carbon prices in the Beijing, Hubei and Shenzhen ETS pilots.

The daily closing carbon prices of the Beijing allowances (BJA), the Hubei allowances (HBA)
and the Shenzhen allowances (SZA) range from the launch date of each pilot to 28th June 2019,
and were collected from the CSMAR database (http://www.gtarsc.com/). It is worthwhile to note that
the SZA prices are offered by the SZA-2013, SZA-2014, SZA-2015, SZA-2016, SZA-2017, SZA-2018
and SZA-2019 products, respectively, which is because of the actual operation of the market. When the
Shenzhen ETS pilot was launched in June 2013, there were only 2013 Shenzhen allowances (SZA-2013)
for tradable products on the market. During subsequent operation, the allowances issued in each year
were used to fulfill that year and subsequent years. After seven years of market operation, the currently
tradable allowances include SZA-2013, SZA-2014, SZA-2015, SZA-2016, SZA-2017, SZA-2018 and
SZA-2019 [60]. For consistency of calculation, the prices of average emissions allowances of all trading
products were computed from sample data following Chang et al. [61].

The dynamic characteristics of the prices of carbon emission allowances among the three ETS
pilots are graphically displayed in Figure 1. In terms of the long—term trend in carbon price fluctuations,
trading in Beijing and Hubei ETS pilots have generally exhibited a ‘rushing down after up and rushing
high again’ state in recent years, while the Shenzhen ETS pilot has generally entered a ‘continuous
decline with small increase’ state in the long run. Figure 1 shows that the average trading price in
each market was 20~55 CNY/ton in the initial stage of the carbon pilots. Among these, the trading
price in the Hubei ETS pilot was the lowest, at just over 20 CNY/ton. Although prices in the Beijing
and Shenzhen ETS pilots started out high, they fell sharply over the next few years. Especially in
2015, when the first fulfilling term came, all pilots showed a ‘high opening and low closing’ trend
in public trading prices. After fulfillment, the trading prices of all of the pilots gradually picked
up and became relatively stable. At the end of 2015, Beijing and Shenzhen kept floating at the high
price of 40 CNY/ton, which was ahead of other pilots. The price of the Hubei ETS pilot hovered
at approximately 22 CNY/ton, which was relatively low, but moderate. In 2016, only the price of
the Beijing ETS pilot remained stable, above 50 CNY/ton with an upward trend, while prices in the
other pilots continued to fall [62]. After the first fulfillment term of the Shenzhen ETS pilot, the price
dropped to below 25 CNY/ton. At the end of December 2016, the price in the Hubei ETS pilot fell at the
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beginning and then rose, stabilizing at around 19 CNY/ton at the end of the year. From the middle of
2018, the allowance price in Hubei rose from 16 CNY/ton to 30 CNY/ton [60], while prices fluctuated
wildly in Beijing and declined in Shenzhen.

The amplitudes of the carbon price fluctuations in the Beijing and Shenzhen ETS pilots were more
volatile than those in Hubei. In the latest year, the trading price in the Beijing ETS pilot fluctuated
greatly, with a sharp decline of 30 CNY/ton in September 2018, and a rapid increase to 61 CNY/ton in
October 2018, finally reaching the peak of 87 CNY/ton in June 2019. Unlike Beijing’s relatively large
fluctuations, the Shenzhen ETS pilot showed more short-term fluctuations, in which the price jumped
from 40 CNY/ton to 122 CNY/ton in the early launching stage, and then gradually decreased until it
became relatively stable within the price range of 20-40 CNY/ton. Contrary to these results, the Hubei
ETS pilot’s price volatility was relatively modest. The volatility in the price brings great risks to the
stability of the carbon market, which is not conducive to the participation of stakeholders in the market.
From the evidence seen in Figure 1, we can conclude that it is significant for China to explore the
factors that impact the carbon price and cause it to change.

In term of the factors that impact carbon prices, this paper focuses on macroeconomic factors
and energy prices, including coal, oil and natural gas prices. The coal price, represented by the
thermal coal exit price in Tianjin port, was obtained from the Wind database (denoted by COAL).
Oil prices are represented by the settlement price of fuel oil futures, and were obtained from the
Wind database (denoted by OIL). In addition, natural gas prices obtained from the Wind database
were collected from the average ex—factory price of the liquid natural gas from the six quotation
agencies (denoted by LNG). In addition to energy prices, macroeconomic factors also drive carbon
prices due to the impact of the productive activities of enterprises, which lead to carbon emissions.
Thus, the macroeconomic level is the key determinant of carbon prices. In this study, we took the
closing prices of the Shanghai composite index as the proxy of macroeconomic level [24,34,51,57] from
Yahoo Finance (https://finance.yahoo.com/), denoted by STOCK. The dynamics of coal prices, oil prices,
natural gas prices and the closing price of the Shanghai composite index are exhibited in Figure 2.
Figure 2 shows the data series of the driving factors, from which we observe a market crash between
2015 and 2016. The SSE composite index reached a maximum in June 2015, but then decreased sharply.
Coal prices were at their lowest in December 2015, and the price then increased dramatically and
became relatively stable. From August 2013 to January 2016, the oil prices dropped from 5000 CNY/ton
to 2000 CNY/ton gradually. The price stayed relatively stable between 2016 and 2017. COAL and
OIL rose rapidly between August 2016 and February 2017, and the prices remained high. The LNG
fluctuated violently between 2017 and 2018. The natural gas prices fluctuated more dramatically than
coal prices and oil prices. From Figure 2, natural gas prices were higher than the other two kinds
of energy.
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Figure 2. Dynamics of SSE composite index closing prices and energy prices.


https://finance.yahoo.com/

Sustainability 2020, 12, 5581 8 of 19

3. Results

3.1. Descriptive Statistics, Normality Test and Nonlinear Test

Descriptive statistics of the carbon prices in the three ETS pilots, energy prices and the Shanghai
composite index are summarized in Table 1.

Table 1. Descriptive statistical results of carbon price and the price of its fundamentals.

BJA HBA SZA LNG COAL OIL STOCK
Mean 53.292 21.622 39.137 4012.672  424.229 3390.796  2958.016
Median 52.110 23.000 34.920 3887.500  433.000 3315.000 3051.724
Maximum 87.470 53.850 122.970 9400.000 613.000 5075.000  5166.350
Minimum 30.000 10.070 3.300 2380.000 270.000 1832.000  1991.253
Std.Dev 9.730 6.119 19.065 1000.010 88.084 732.739 577.937
Skewness 0.952 0.703 1.145 0.972 -0.159 0.181 0.474
Kurtosis 4.746 4.428 4.055 5.260 2119 2.040 4.071
Jarque-Bera  236.889 207.963 340.484 733.466 53.688 62.582 122.609
Probability 0.000 0.000 0.000 0.000 0.000 0.000 0.000

The Jarque—Bera tests for each ETS pilot reject the null hypothesis that the skewness is zero and
the kurtosis is three. Therefore, the results of the Jarque—Bera tests demonstrate that all of the variables
have non-normal distributions. In addition, we applied ordinary least square regression (OLS) to
model the relationship between the carbon prices in each ETS pilot and coal prices, oil prices, natural
gas prices and the macroeconomic level. The data is measured in natural logarithms. The kernel
density estimation, the frequency histogram and the normally distributed density function graph of
the residuals are shown together for comparison in Figure 3, which reflects the normality of the data.
It shows that each residual is non—normal; therefore, OLS is not suitable for modelling the relationship
between carbon price and its determinants. However, the quantile regression model doesn’t need any
assumption of the distribution of residuals, and so can perform better.

Bejing ETS pilot Hubei ETS pilot Shenzhen ETS pilot

Density

Figure 3. Normality test of the residuals of OLS in Beijing, Hubei and Shenzhen ETS pilots.

The results of Brock-Decher-Scheikman (BDS) test are shown in Table 2. The results indicate that
the relationship between carbon price and its determinants are nonlinear at the significance level of 1%.
Therefore, the semiparametric quantile regression technique was provided to model the relationship
between the carbon prices and its drivers in China’s pilots, in order to overcome the deficiencies of
OLS and achieve a better performance than that of other traditional methods.
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Table 2. BDS test results.

m-Dimensional Space

Carbon

Pilots Price/Determinants 2 3 4 5 Linearity
Stat. Prob. Stat. Prob. Stat. Prob. Stat. Prob.
Beijing BJA/COAL 0.1387  0.0000 0.2319 0.0000 0.2908 0.0000 0.3258 0.0000 NO
BJA/OIL 0.1459  0.0000 0.2437 0.0000 0.3055 0.0000 0.3439  0.0000 NO
BJA/LNG 0.1406  0.0000 0.2360  0.0000 0.2980  0.0000 0.3369  0.0000 NO
BJA/STOCK 0.1497  0.0000 0.2535 0.0000 0.3211 0.0000 0.3638  0.0000 NO
Hubei HBA/COAL 0.1934 0.0000 0.3296 0.0000 0.4237 0.0000 0.4883 0.0000 NO
HBA/OIL 0.1906  0.0000 0.3254 0.0000 0.4192 0.0000 0.4840 0.0000 NO
HBA/LNG 0.1878 0.0000 0.3194 0.0000 0.4101 0.0000 0.4721 0.0000 NO
HBA/STOCK 0.1914 0.0000 0.3263 0.0000 0.4199 0.0000 0.4843 0.0000 NO
Shenzhen SZA/COAL 0.1449 0.0000 0.2534 0.0000 0.3254 0.0000 0.3723  0.0000 NO
SZA/OIL 0.1330  0.0000 0.2339  0.0000 0.2999  0.0000 0.3424  0.0000 NO
SZA/LNG 0.1377  0.0000 0.2421 0.0000 0.3119 0.0000 0.3578  0.0000 NO
SZA/STOCK 0.1545 0.0000 0.2682 0.0000 0.3440 0.0000 0.3946  0.0000 NO

Note: NO shows that the relationship between carbon price and the price of its determinants is nonlinear at the
significance level of 1%.

3.2. The Effects of Energy Prices on Carbon Prices

The effects of energy prices on carbon prices in Beijing, Hubei and Shenzhen ETS pilots can
be reflected by the slope coefficients of parametric components. The estimated parameters of the
semiparametric quantile model are shown in Table 3. This table shows that the effects of energy prices
on carbon prices are mostly significant. The effects of energy prices on carbon prices in three ETS pilots
are obviously different for different quantiles of carbon prices. The effects of energy prices are shown
graphically in Figures 4-6.

As for Beijing ETS pilot, coal prices have a significant and positive effect on the carbon prices (see
Table 3) in almost all quantiles, which is consistent with Tan and Wang [34], who showed that coal
prices positively affected carbon prices in Phase II of the EU ETS. A possible explanation for these
observations is that, because Beijing is at the forefront of economic development in China, a large
amount of energy is needed for the high-speed development of the economy, and Beijing’s energy
consumption gives priority to coal, in which case enterprises may not reduce the demand for coal even
if coal prices are high, leading to an increase in the carbon prices. The results also indicate that coal
prices have a greater effect for higher quantile levels. The effects of changes to oil prices on carbon
prices are not significant in low quantiles, but are significantly negative in high quantiles (see Figure 4).
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Figure 4. Effects of energy prices on carbon prices in the Beijing ETS pilot.
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Table 3. Semiparametric quantile regression results:

slope coefficients for three ETS pilots.

10 of 19

Pilots Variable Qo.05 Qo1 Qo2 Qo3 Qo4 Qos Qo6 Qo7 Qos Qoo Qo.o5
Beijing Peoal 0.265 *** 0.284 *** 0.258 *** 0.272 *** 0.273 *** 0.304 *** 0.337 *** 0.404 *** 0.555 *** 0.865 *** 0.976 ***
Boil 0.028 0.122* 0.008 -0.041 —0.045 —0.069 -0.119 * —0.190 ** —0.269 ** —0.654 *** —0.772 ***
PLNG —0.061 —-0.044 0.126 *** 0.107 *** 0.161 *** 0.217 *** 0.261 *** 0.334 *** 0.320 *** 0.325** 0.267 *
Hubei Peoal -0.133 -0.068 -0.153 —-0.225 * —0.356 ***  —0.381 ***  —0.356 *** —0.381 *** —0.278 ** 0.258 0.408 **
Boil -0.097 —0.207 ** -0.153 * —0.251 *** —(0.298 *** —0.280 *** —0.324 *** —0.228 *** —0.151 ** —0.608 *** —(0.754 ***
BLNG 0.2171 *** 0.207 *** 0.213 *** 0.246 *** 0.300 *** 0.363 *** 0.509 *** 0.510 *** 0.536 *** 0.519 *** 0.505 ***
Shenzhen Bcoal —2.095 *** —1.572 *** —1.376 *** —1.334 *** —1.207 *** —1.174 *** —1.122 *** —1.104 *** —0.981 *** —0.952 *** —0.902 ***
Boil 1.786 *** 1.207 *** 0.974 *** 0.935 *** 0.777 *** 0.776 *** 0.772 *** 0.808 *** 0.712 *** 0.766 *** 0.712 ***
BLNG 0.323 -0.118 0.071 0.196 *** 0.226 *** 0.228 *** 0.238 0.214 *** 0.182 *** 0.108 ** 0.036

Note: The table reports the results of the parametric coefficients of semiparametric quantile regression. *** Denotes the rejection of the null hypothesis at a significance level of 0.1%.
** Denotes the rejection of the null hypothesis at a significance level of 1%. * Denotes the rejection of the null hypothesis at a significance level of 5%. " Denotes the rejection of the null

hypothesis at a significance level of 10%.
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Consistent with Hammoudeh et al. [19], a rise in crude oil prices leads to a decrease in carbon
prices when carbon prices are very high. This result may be attributed to the lower carbon emitted
and the lower carbon prices that result from a decrease in the oil consumption caused by higher oil
prices. Due to the high production cost of using oil, enterprises will use less oil when carbon prices
are high. Therefore, the negative impacts are greater at the right tail of the carbon price distribution.
Natural gas prices have significantly positive impacts on carbon prices, which are consistent with the
results of Tan and Wang [34], who showed that natural gas prices positively affected carbon prices in
Phase II. However, the effects are negative but not significant when the carbon prices are extremely
low (at 0.05 and 0.1 quantiles). Moreover, the positive effects of natural gas prices increase with the
rise of quantiles (see Figure 4). The non-significant impacts can be attributed to the fact that the price
of natural gas is not market-oriented [51]. The largest feature of the natural gas industry in China
is its strong monopoly [63]. The positive impacts may indicate that the increase in the natural gas
prices can induce enterprises to use more non—clean energy and generate more carbon emissions. Thus,
the demand for carbon emission allowances increases, resulting in the increase of carbon prices.

The Hubei ETS pilot indicated that an increase in coal prices can generate a substantial drop in
carbon prices, except for extremely high quantiles (at 0.9 and 0.95 quantiles). This negative relationship
is consistent with Zhou and Li [13], who confirmed that coal prices had negative impacts on carbon
prices in the Hubei ETS pilot. An energy-intensive industry occupies a large proportion of the industrial
structure of Hubei Province, and coal is the main energy [49]. The higher coal prices could cause
enterprises to use less coal to cut costs, and would consequently decrease the demand for carbon
emission allowances, resulting in a decrease in carbon prices. Similarly to coal, the negative effect
of rising oil prices on carbon prices has existed at all quantile levels. This has resulted in several
studies [24,34] that have analyzed the relationship between oil prices and carbon prices. As indicated,
the increase in oil prices reduces its consumption, which in turn diminishes the need for carbon
emission allowances, leading to lower carbon prices. In contrast, natural gas prices have significantly
positive effects on carbon prices, as shown in Table 3 and Figure 5.
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Figure 5. Effects of energy prices on carbon prices in the Hubei ETS pilot.

In addition, one of the more surprising findings is that the effect is variable at different quantiles.
This suggests that natural gas prices play a greater role in carbon prices at higher quantiles (i.e.,
when the carbon price is higher), and vice versa. This may be due to rising natural gas prices, which
have driven people to use more alternative non-clean energy, and thus release more CO;. As a result,
carbon emission allowances have become tighter, which has led to higher carbon prices. In practice,
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enterprises use more non-clean energy because of energy-intensive industries in the Hubei ETS pilot,
which have greater effects on carbon prices.

In the Shenzhen ETS pilot, we found a high level of carbon emissions in spite of the declining
share of emission-intensive manufacturing sectors, which is consistent with the conclusion of Cong
and Lo [12]. Figure 6 shows that coal prices had significant and negative effects on carbon prices in
the Shenzhen ETS pilot. The results are consistent with those of Tan and Wang [34], who concluded
that coal prices negatively influenced carbon prices in Phase I and Phase III of the EU ETS. As shown
in Table 3, the negative influence of the coal price on the carbon price is significant at each quantile
level, and the influence is greater at the lower quantile level, whereas it is lower at the higher quantile
level. This may be because the rising carbon prices (i.e., at the higher quantile level) lead enterprises
to cut production and use less coal. Therefore, the impact of coal prices on carbon prices diminishes
as the quantile increases. Oil prices have a significant and positive effect on carbon prices. This is
consistent with the results of Hammoudeh et al. [18], who conclude that a human-induced shock to
oil prices can initially result in the rise of carbon prices. More interesting is that the characteristics
of the dependence change between oil prices and carbon prices from low quantiles to high quantiles
(see Table 3 and Figure 6). In contrast with the results of Tan and Wang [34], who showed incoherent
changes (i.e., neither gradually declining nor continuously rising) without regularity, we find that
the impact of oil prices on carbon prices declines as the quantile increases. Our novel finding may
have been generated by the following conditions. The rising carbon prices with higher quantiles drive
companies’ production reduction plans, which can reduce oil consumption and therefore decrease the
impact of oil prices on carbon prices. For the impact of natural gas prices, it is similar to the two other
pilot projects in Beijing and Hubei, which both have significant and positive effects on carbon prices.
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Figure 6. Effects of energy prices on carbon prices in the Shenzhen ETS pilot.
3.3. The Effects of the Macroeconomic Level on Carbon Prices

The effects of the macroeconomic level on carbon prices in the ETS pilots of Beijing, Hubei and
Shenzhen were examined as nonparametric components of our proposed semiparametric quantile
regression model. To further illustrate the impact of macroeconomic factors at different carbon price
levels, we took results from the 0.2, 0.5 and 0.8 quantiles to graphically indicate carbon prices at low,
medium and high levels, respectively. The estimates of this model for all quantiles are presented in
Table 4, including the smoothing parameters, the F statistics and their associated probabilities. The null
hypothesis of the F—testis m; = 0 ford = 1...D. The F-statistics are provided as part of the output
from the R functions in Koenker [55]. Table 4 shows that the results reject the null hypothesis at a
significance level of 0.1%, which indicates that macroeconomic factors had significant impacts on
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carbon prices in the Beijing, Hubei and Shenzhen ETS pilots of China. Several detailed empirical
results are as follows.

Figures 7-9 show the effects of the macroeconomic level on carbon prices for the 20%, 50% and 80%
quantiles in the three ETS pilots. In the Beijing ETS pilot, the effect of the macroeconomic level on carbon
prices is positive, which is consistent with Chevallier [27]. We can see from a graphical representation
in Figure 7 that the effects of STOCK on carbon prices are positive. Due to the lower emission threshold
and area covered in the Beijing ETS pilot [64], the macroeconomic level that influences the development
of industrial corporations is less likely to cause fluctuations in carbon prices. However, this effect is not
constant, but is liable to decrease from the lower to higher quantiles, and conversely, carbon prices
tend to be heavily influenced by macroeconomic fluctuations if the carbon prices are not very high.
Thus, we suggest that high prices of carbon allowances are not conducive to the impacts of economic
factors on carbon price, which may be advisable for policymakers for carbon pricing.

Effect of STOCK Effect of STOCK

Effect
100 115 130
I
Effect
085 100 115
TR |

STOCK STOCK
20% quantile 50% quantile

Effect of STOCK

Effect
oo 02
L1 1 1

STOCK
80% quantile

Figure 7. Effects of STOCK on carbon prices in the Beijing ETS pilot.

Similarly to the Beijing ETS pilot, the effects of the macroeconomic level on carbon prices are
obviously positive in the Hubei ETS pilot, as shown in Figure 8. The positive impact can be attributed
to a booming economy associated with a higher output and more energy consumption, which always
leads to higher carbon emissions and a higher carbon price. However, the effects of the macroeconomic
level on carbon prices are not constant from the low quantiles to the high quantiles; the effects of the
macroeconomic level on carbon prices at the low and high quantiles are smaller than those at the
medium quantile, which indicates that the medium carbon prices are more likely to fluctuate due to
the changes in the macroeconomic level. This suggests that medium priced carbon allowances are
more sensitive to changes in macroeconomic factors.

Effect of STOCK Effect of STOCK

34 37

Effect
| Y
Effect

44 46 48

3.1

T T 1 1 T T T 1 1 T
76 78 8.0 8.2 84 76 78 8.0 82 84

STOCK STOCK
20% quantile 50% quantile

Effect of STOCK

Effect
140 155 1.70
|

76 78 8.0 8.2 84
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80% quantile

Figure 8. Effects of STOCK on carbon prices in the Hubei ETS pilot.
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Table 4. Estimation and test of the non—parametric term in a semi-parametric quantile regression.

Pilot Qo.05 Qo1 Qo2 Qo3 Qo4 Qo Qo6 Qo7 Qos Qo.9 Qo.95
Beijing Lambda 0.089 0.286 0.081 0.119 0.141 0.161 0.268 0.098 0.173 0.064 0.064
Penalty 13.31 3.988 21.52 15.42 16.2 16.86 13.01 19.52 17.07 30.62 29.65
F statistics 7.576 4.005 8.119 1.66 10.18 5.921 10.42 21.75 6.304 31.25 46.02

P(>F) 0.000 *** 0.000 *** 0.000 *** 0.003 ** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 ***
Hubei Lambda 0.017 0.032 0.108 0.198 0.103 0.124 0.340 0.131 0.151 0.107 0.052
Penalty 138.8 85.1 43.34 31.01 41.95 47.47 25.25 26.93 20.72 31.84 42.45
F statistics 56.28 85.08 15.47 57.82 64.3 39.66 31.93 2.803 4.704 25.45 42.44

P(>F) 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 ***
Shenzhen Lambda 0.026 0.081 0.196 0.24 0.176 0.189 0.141 0.196 0.058 0.121 0.109
Pena]ty 129.1 64.14 30.24 31.27 41.57 35.74 33.63 23.02 60.51 14.21 12.55
F statistics 64.08 79.68 68.26 1.458 x 10° 94.39 3.724 79.08 65.43 17.14 38.94 29.21

P(>F) 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 *** 0.000 ***

Note: The table reports the results of a nonparametric item of semiparametric quantile regression. *** Denotes the rejection of the null hypothesis at a significance level of 0.1%. ** Denotes
the rejection of the null hypothesis at a significance level of 1%. * Denotes the rejection of the null hypothesis at a significance level of 5%. * Denotes the rejection of the null hypothesis at a
significance level of 10%.
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Consistent with the former findings, the Shenzhen pilot also showed a significant positive
relationship between the macroeconomic level and the carbon price, which was also concluded by
Guo [65]. Figure 9 indicates that the curves describing the effects of the macroeconomic factors on
carbon prices for the 0.2, 0.5 and 0.8 quantiles are approximately V-shaped, with little difference.
This shape suggests that the effects on the carbon price is extremely high when the macroeconomic
level is lower, but this effect gradually decreases to the bottom of the V-shaped curve. In addition,
this effect becomes larger as the macroeconomic level increases, and it gradually becomes stationary
after reaching a certain level.
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Figure 9. Effects of STOCK on carbon prices in the Shenzhen ETS pilot.

4. Conclusions and Implications

In this paper, we employed a semiparametric quantile regression to investigate the nonlinear
effects of energy prices and the macroeconomic level on carbon prices in three ETS pilots: the Beijing,
Hubei and Shenzhen ETS pilots. The effects of determinants on carbon prices are obviously different
at different quantiles of carbon prices. For the Beijing ETS pilots, investors and enterprises can
predict the higher carbon prices by the increased coal prices. For the Hubei and Shenzhen ETS pilots,
the increase of coal prices hints the decrease of carbon prices. Especially, the fluctuation of coal prices
in the Shenzhen ETS pilot lead to more violent fluctuations of carbon prices at lower carbon prices.
Additionally, the effects of coal prices were larger than those of oil prices and natural gas prices in
the Beijing and Shenzhen ETS pilots, which indicates that the coal prices are the main driving factors.
Therefore, the government can increase coal prices to indirectly improve carbon prices in the Beijing
ETS pilot to reduce the demand for carbon allowance, which can effectively reduce carbon emissions.

From the empirical results, we can conclude that natural gas price can positively influence carbon
prices, which can be attributed to the fact that enterprises will reduce the use of natural gas when
natural gas prices are high. In China, the price of natural gas has been under a strong monopoly in
recent decades, and coal is still the main energy source for China. Therefore, industrial upgrading and
energy restructuring should be accelerated to reduce the demand for coal and increase the proportion
of clean and renewable energy. A modest cut in the price of natural gas by the government might cause
enterprises to use more of it, which can reduce the carbon emissions. Furthermore, the use of more
natural gas can lead to lower carbon prices; thus, investors should focus on reforming energy pricing
to make investment decisions. For example, inventors can predict lower carbon prices by the decrease
of natural gas prices.

The response of carbon prices to the macroeconomic level is violent, which can cause fluctuations in
carbon prices. However, large fluctuations may lead to an increase in the transaction costs of enterprises,
which can restrain enterprises from participating in the carbon market. Therefore, policymakers should
pay close attention to the fluctuations of carbon prices, and several policies should be put into place
to improve market supervisions to adjust carbon prices in a timely and effective manner, in order to
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reduce market risks. In addition, it is advisable for investors to forecast the fluctuations in carbon
prices based on the macroeconomic level. If the investors or enterprises predict improving economic
situations, it may be advantageous for inventors and enterprises to buy more carbon allowances in
advance. For the Beijing and Shenzhen ETS pilots, improving the macroeconomic level had greater
impacts on carbon prices in low quantiles, which indicates that buying Beijing or Shenzhen carbon
allowances in low carbon prices is more favorable for inventors and enterprises when the economic
level is improving.

The results of the paper indicate that carbon prices are susceptible to external factors, such as
energy prices and the macroeconomic level, which results in relatively large fluctuations in carbon
prices. It is essential to correct the failure of the carbon market through reasonable interventions
from governments. The results show that energy prices can have an obvious effect on carbon prices;
thus, the government can regulate energy prices and bring the carbon price back to a normal level.
For example, if the carbon price is too high, a government can cause it to fall by lowering natural gas
prices through market and administrative means. In addition, compared to scenarios within a mature
international carbon market, China’s ETS pilots still have problems, such as the simplicity of carbon
financial products and the low trading volume. Thus, a relevant department should promote the
innovation of carbon financial products and selectively introduce carbon financial products according
to their characteristics. It is essential to develop carbon financial derivatives, such as carbon forwards,
carbon futures and carbon options, to attract more market participants and promote the further
development of the carbon market.

As previously mentioned, this paper provides recommendations for investors and policy-makers
regarding strategic decisions. Investors should not only focus on the fluctuations of carbon prices
but also focus on the changes in energy prices and the macroeconomic level. Policymakers should
develop several regulations to ensure normal fluctuations in carbon prices and to moderate carbon
prices. In addition, the government should promote the innovation of carbon financial products to
ensure the normal operation of the carbon market. However, there are still limitations in our research.
The period we studied doesn’t cover periods of major disaster, such as COVID-19, which may cause
different results. Therefore, this will be our topic of further investigation. In addition, there will be
other determinants of carbon prices which we don’t include in our research, such as the weather and
electricity prices. The absence of determinants may result in the deviation of the results. For our next
study, we should take account into these determinants.
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