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Abstract

:

Investigating the factors influencing the spatial-temporal disparities in China’s electricity consumption carbon emissions (ECCEs) will be of great help to advancing the reduction in carbon emissions on the consumption side of electricity. Based on the measurement of the ECCEs in 30 Chinese provinces between 2005 and 2021, we utilized the natural breakpoint method and the Dagum Gini coefficient to analyze the spatial-temporal disparities in ECCEs at the provincial and regional levels, and then we used Geodetector to explore the factors influencing the spatial-temporal disparities in ECCEs. The results revealed the following: (1) There were obvious inter-provincial spatial disparities in ECCEs, with coastal provinces such as Jiangsu and Guangdong consistently ranking at the top of the country and inland provinces such as Qinghai and Yunnan having relatively low carbon emission values. (2) The overall disparities in China’s ECCEs fluctuated and rose, with inter-regional disparities being the primary source of the overall disparities. (3) Economic development, industrialization level, population density, and foreign direct investment all had strong explanations for the spatial-temporal disparities in China’s ECCEs. When all these influencing factors were spatially superimposed, their effects were enhanced.
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1. Introduction


Global warming has caused severe damage to the ecological environment and human life and has become one of the world’s most pressing challenges today [1]. Carbon dioxide emissions, as the most significant sources of greenhouse gas emissions [2,3], play a critical role in the global warming process. China is now the world’s most significant contributor to carbon emissions [4,5] and will play an even more critical role in promoting global climate governance [6]. China proposed a “dual carbon” target of carbon peak and carbon neutrality at the 75th session of the United Nations General Assembly in 2020 to address global climate change, reduce energy consumption, and control carbon dioxide emissions [7,8]. The proposal of the “dual carbon” target was of great significance in accelerating the green transformation of China’s economy and society [9].



Electricity, as an indispensable means of production and life for the development of modern society, plays a vital role in supporting economic growth and social stability [10]. China’s electricity consumption has proliferated over the past two decades, from 2.5 trillion kWh in 2005 to 8.5 trillion kWh in 2021. As China’s total electricity consumption continues to grow, carbon emissions from electricity generation in China’s power sector also continue to rise. Thermal power generation is currently China’s most important form of power generation [11]. Carbon emissions from thermal power generation account for more than 40% of China’s total carbon emissions [12,13]. Therefore, China must pay attention to the issue of carbon emissions from electricity, and the effect of reducing carbon emissions from electricity directly impacts the early realization of China’s “dual-carbon” goal.



There are differences in power resource endowment and power demand between different provinces in China, resulting in the need for a large amount of power transfer between provinces. For example, provinces such as Guangdong and Jiangsu, whose end-use power consumption is much higher than their generation capacity, need to transfer power from other provinces to meet their power demand. For those provinces which export electricity, accounting for their carbon emissions from electricity based on the producer responsibility principle could easily lead to the problem of carbon leakage [14]. In this context, accounting for electricity consumption carbon emissions (ECCEs) in China’s provinces, considering consumers’ responsibility, can help mitigate carbon leakage and strengthen the effect of reducing carbon emissions from electricity. In addition, China’s vast geographic expanse and the wide disparities in the economic development and technology levels among the regions will inevitably lead to differences in China’s ECCEs at the provincial and regional levels. Therefore, it is necessary to conduct an in-depth study on the spatial and temporal differences in China’s ECCEs and the factors influencing them to provide a reference for the government’s decision-making departments to formulate a more scientific and targeted policy to reduce carbon emissions from the consumption side of electricity.



Accounting for carbon emissions from electricity has always been a focus of attention in the academic community. Scholars have accounted for carbon emissions from electricity in recent years based on different perspectives and methodologies. Xie et al. [15] and Wang et al. [16] measured carbon emissions from electricity generation in China and Chinese provinces for consecutive years based on the production perspective using the IPCC inventory method. Li et al. [17] used a network approach based on a consumption perspective to estimate and analyze the transfer of carbon emissions from electricity trading among Chinese provinces in 2017. Zhang et al. [18] used an input–output model to quantify the carbon emissions associated with electricity consumption in Beijing over several years. Scarlat et al. [19] used a spreadsheet model to quantify the carbon emissions associated with electricity production and consumption in European countries. Chen et al. [20] calculated CO2 emissions from residential electricity consumption in China. Li et al. [21] provided a systematic introduction to the current application technology and research progress of power carbon accounting and outlined the future development prospects of power carbon accounting technology.



In studying the factors influencing electric power carbon emissions, the index decomposition method and the econometric method are two methods commonly used by scholars in China and abroad. Zhang et al. [18], He et al. [22], and Karmellos et al. [23] used the LMDI index decomposition model to investigate the contribution of different influencing factors to carbon emissions from electricity generation in Beijing, China, and the EU, respectively. Noorpoor and Kudahi [24] and Cui et al. [25] used the STIRPAT model to investigate how socio-economic and technological factors such as the GDP per capita affect carbon emissions from electricity in Iran and China, respectively. Wen and Yan [26] used a panel-data model to examine regional differences in the factors affecting carbon emissions from electricity. Wang and Li [27] and Sun et al. [28] used spatial econometric modeling to analyze the spatial spillover effects of each driving factor on the carbon emissions (intensity) of electricity in China.



Currently, the coefficient of variation, the Thiel index, and the Dagum Gini coefficient are the main methods used to measure regional disparities in carbon emissions. Scholars have used the above methodology to measure the regional disparities in different types of carbon emissions. Lian et al. [29] and Liu et al. [30] measured the regional disparities in carbon emissions from household consumption in China and the intensity of carbon emissions from the transportation sector in China using the Thiel index. Wang et al. [31] compared regional disparities in agricultural carbon emissions using a combination of the coefficient of variation method and the Thiel index. Ma et al. [32] and Wang et al. [33] used the Dagum Gini coefficient to examine regional disparities in carbon emissions from commercial buildings and manufacturing industries in China, respectively.



However, the existing studies still have the following shortcomings. First, few scholars have accounted for ECCEs in China’s provinces, taking into account consumer responsibility. Second, several scholars have measured and analyzed the regional disparities in different types of carbon emissions in China using statistical indicator measures. However, the research on measuring and analyzing the regional disparities in China’s electricity carbon emissions is relatively thin. Third, factors that affect carbon emissions are generally inter-related, and interactions between factors can affect carbon emissions [34]. However, most existing studies on the factors affecting carbon emissions from electricity have ignored this point, and the exponential decomposition and econometric models mentioned above, for example, have difficulty explaining the possible synergies or antagonisms between the various factors [35]. The Geodetector model studied by Wang and Xu [36], on the other hand, is a method used to detect spatial heterogeneity, which not only detects the main factors influencing spatial differentiation but also detects the interactions between the factors as well as the types of interactions. In addition, no linearity assumptions about the variables are required, and multicollinearity does not need to be considered when using this model. Given the above advantages, the model is now widely used in studying carbon emission’s influencing factors [37,38,39,40]. However, scholars have yet to use this model to study the factors influencing electric carbon emissions.



Given this, this paper accounts for the ECCEs in 30 provinces in China from 2005 to 2021 according to the principle of “sharing responsibility on both sides of production and consumption” and investigates the spatial and temporal disparities of ECCEs in the provinces and regions using the natural breakpoint method and the Dagum Gini coefficient, and it then investigates the influencing factors of ECCEs using the Geodetector model. The main innovations and potential marginal contributions of this paper are as follows: (1). Considering the responsibility of consumers, the shared responsibility method has been applied to measure the ECCE in each province in China. This helps the Chinese government clarify the current carbon emissions from each province’s electricity consumption situation. (2). By using the natural breakpoint method and the Dagum Gini coefficient method to analyze the spatial and temporal disparities in China’s ECCEs at the provincial and regional levels, respectively, it is possible to present the spatial pattern of China’s ECCEs more objectively and completely identify the contribution of the overall regional disparities in China’s ECCEs. (3). A Geodetector model was used to identify the influence of potential drivers on the spatial differentiation of carbon emissions from China’s electricity consumption and the interaction between drivers.




2. Methodology and Data


2.1. Calculation of ECCE


First, we used the IPCC Carbon Inventory Estimation Methodology to calculate the direct carbon emissions Pi from thermal power generation in 30 provinces in China; the specific equations are as follows:


   P i  =   ∑ k   A  C  i k   × N V  C k  × C  C k  ×  O k  × 44 / 12    



(1)







In Equation (1), ACik represents the input of the kth fuel in the power generation process in province i, and NCVk, CCk, and Ok represent the calorific value, carbon content, and carbon oxidization rate of the kth fuel, respectively.



We then referred to Xie et al. [41] to measure the ECCEs in 30 Chinese provinces from 2005 to 2021 based on the principle of shared responsibility. The share of ECCEs in direct carbon emissions from electricity in each province in year n (θn) was determined by considering the efficiency of electricity generation and consumption in each province. The formula for θn is shown below:


   θ n  = 1 -    1 2    1 −  K n    +  1 2   S n     



(2)




where Kn and Sn are calculated as shown in Equations (3) and (4), respectively.


       K n  =   E C V   E E  V n        E E V =     ∑ k   F  C  k , n   ×  R k      T  P n         



(3)






   S n  =     G D  P n   /  Y  P n       B n     



(4)







Table 1 shows the definitions of the variables in Equations (2)–(4).



Considering the existence of inward and outward electricity transfers between provinces, the carbon emission from electricity consumption in each province in year n (ECn) consisted of the following two components, as shown in Equation (5).


  E  C n  = E C  I n  + E C  O n   



(5)




where ECIn and ECOn are the carbon emissions from consuming electricity produced in the province and the carbon emissions from consuming electricity produced in other provinces in year n, respectively. The specific formulas for ECIni and ECOni are shown below:


      E C  I  n i   = E F I  C  n i   ×   G  E  n i   − E  O  n i         E F I  C  n i   =    θ  n i   ×  P  n i     G  E  n i          



(6)






  E C  O  n i   =     ∑  g ≠ i       θ  n g   ×  P  n g           ∑  g ≠ i    G  E  n g       × E  R  n i    



(7)







Table 2 shows the definitions of the variables in Equations (6) and (7).




2.2. Natural Breakpoint Method


As a classic analytical tool for studying regional spatial differentiation characteristics, the natural breakpoint method was first proposed by Jenks [42] in 1967. The natural breakpoint method takes the minimization of the variance in the attribute values between subregions and the maximization of the variance in the attribute values between subregions as the basis for the establishment of breakpoints and the natural classification of subregions, and the breakpoints are chosen to appear at the places where the values change drastically [43].




2.3. Dagum Gini Coefficient


The Dagum Gini coefficient and its decomposition are an important method to study regional disparities; this method divides the sample disparities into three parts—between-group disparities, within-group disparities, and hypervariable density—to explore the regional disparities and their sources in depth [44]. The division of China into three major regions—eastern, central, and western—first appeared in the policy document known as the Seventh Five-Year Plan for National Economic and Social Development, which was designed to promote coordinated development among different regions, strengthen inter-regional economic cooperation, promote the development of lagging regions, and achieve balanced national economic growth. Given this, this paper uses the Dagum Gini coefficient to measure the regional disparities in the ECCEs in the three major regions of China in order to better understand and compare the development of ECCE in different regions and facilitate the government’s implementation of differentiated carbon emission reduction policies on the electricity consumption side. The specific formula for the Dagum Gini coefficient is as follows.



First, we calculated the overall Gini coefficient of the ECCEs in China. The larger the value of this indicator, the more significant the overall difference in ECCEs among the three major regions of China. The specific formula is as follows:


  G =     ∑  c = 1  3     ∑  d = 1  3     ∑  a = 1    n c       ∑  b = 1    n d        z  c a   −  z  d b               2  Z ¯   n 2     



(8)







In Equation (8), zca (zdb) represents the carbon emissions of the a (b) province of region c (d), n is the total number of provinces included in the three regions, nc and nd represent the number of provinces included in regions c and d, respectively, and    Z ¯    is the mean value of the ECCE of each province in China.



Second, we calculated the intra-regional Gini coefficients and inter-regional Gini coefficients of the ECCEs in China, denoted as Gcc and Gcd, respectively. A higher value of Gcc implied a more significant difference in carbon emissions within region c. A higher value of Gcd implied a more significant difference in carbon emissions between regions c and d. The specific formulas for Gcc and Gcd are as follows:


   G  c c   =  1  2    Z c   ¯   n 2      ∑  a = 1    n c       ∑  e = 1    n c        z  c a   −  z  c e          



(9)






   G  c d   =     ∑  a = 1    n c       ∑  b = 1    n d        z  c a   −  z  d b            n c   n d  (    Z c   ¯  +    Z d   ¯  )    



(10)







In Equations (9) and (10), zce represents the carbon emissions of province e in region c, and      Z c   ¯    and      Z d   ¯    represent the mean value of the ECCEs of the provinces included in regions c and d.



Finally, we decomposed the overall Gini coefficient into three components—intra-regional disparity contribution Gw, inter-regional disparity contribution Gr, and hyperdisparity density contribution Gt—to measure the contribution of Gw, Gr, and Gt to the overall disparities. The specific formula is as follows:


  G =  G w  +  G r  +  G t   



(11)






   G w  =   ∑  c = 1  3    G  c c      p c   s c   



(12)






   G r  =   ∑  c = 2  3     ∑  d = 1   c − 1     G  c d       (  p c   s d  +  p d   s c  )  D  c d    



(13)






   G t  =   ∑  c = 2  3     ∑  d = 1   c − 1     G  c d       (  p c   s d  +  p d   s c  ) ( 1 −  D  c d   )  



(14)







In Equations (12)–(14),    p c  =    n c   n   ,    s c  =    n c     Z c   ¯    n  Z ¯     ,    D  c d   =    λ  c d   −  p  c d      λ  c d   +  p  c d      , λcd, and pcd are the mathematical expectations of the sum of all the samples between regions c and d that satisfy zca − zdb > 0 and zdb − zca > 0, respectively.


   λ  c d   =    ∫ 0 ∞   d  F c     ( z )    ∫ 0 z   ( z − x )    d  F h  ( x )  



(15)






   p  c d   =    ∫ 0 ∞   d  F d     ( z )    ∫ 0 z   ( z − x )    d  F c  ( x )  



(16)








2.4. Geodetector


In this paper, we used factor detection and interaction detection in Geodetector to detect the strength of explaining the spatial differentiation of carbon emissions from China’s electricity consumption by each factor and the interaction of each factor in different study years.



The factor detector model is shown in Equation (17), and the q value ranges from 0 to 1. The higher the value of q, the greater the explanation of the factor on the spatial disparity in the ECCEs.


  q = 1 −     ∑  i = 1  n    N i   σ i 2      N  σ 2     



(17)







In Equation (17), i is the classification number of the selected influence factor; Ni is the number of provinces in category i; N is the number of the study area, whose value in this paper is 30;    σ i 2    is the variance in the ECCE of the whole study area; and    σ 2    is the variance in the ECCE of all the provinces in category i.



The interaction detector was used to identify interactions between different influences, i.e., determine whether the combination of influences increased or decreased the explanation of the spatial disparities in the ECCEs compared to a single influence. The evaluation began with computing the q-values of the two effects X1 and X2 on carbon emissions q(X1) and q(X2), then calculating the q-value when they interacted (q(X1∩X2)), and then comparing q(X1), q(X2), and q(X1∩X2). The criteria for discriminating the results of interaction detection are shown in Table 3 below.




2.5. Selection of Impact Indicators


Based on previous studies and taking into account scientific nature and data availability, six indicators, namely, economic development (GDP), population density (PD), industrialization (IS), foreign direct investment (FDI), financial expenditure on science and technology (RD), and average years of education (AE), were selected as potential factors influencing the spatial pattern of China’s ECCEs in this study. Our theoretical basis for selecting the above variables as the influencing factors follows.



Economic Development (GDP): Since 2005, China’s economy has continued to proliferate, and China has become the second-largest economy in the world. Regional economic development consumes large amounts of energy, such as electricity, which causes an increase in carbon emissions [45]. Therefore, gross regional product was chosen to measure the GDP in this study.



Population Density (PD): People are the mainstay of all economic activity, and an increase in population size and density will lead to an increase in energy consumption, such as electricity, which will increase carbon emissions [46,47]. This paper measures PD as the ratio of permanent residents in each region to the administrative division’s area at the year’s end.



Industrialization (IS): Industry is a significant consumer of energy in the secondary sector and even in the national economy. China is in the process of industrialization, and industrial development relies heavily on energy sources such as electricity, which can increase carbon emissions [26]. This paper chooses the share of value added by the secondary industry in the regional GDP [48] to measure IS.



Foreign Direct Investment (FDI): Against the backdrop of economic globalization, China’s degree of openness to the outside world has been increasing, and the scale of foreign direct investment has been expanding year by year. While foreign direct investment has energized China’s economic development, it has also caused an increase in carbon emissions [49]. In this study, FDI is measured by the amount of foreign direct investment (ten thousand CNY).



Fiscal Expenditure on Science and Technology (RD): Increasing local fiscal expenditure on science and technology can increase the technological innovation capacity, which improves the efficiency of energy utilization, such as electricity, and promotes the use and development of clean energy, thereby improving carbon emissions [50]. This study uses the proportion of local fiscal science and technology expenditures to local fiscal general budget expenditures [51] to measure the RD.



Average Years of Education (AE): The increase in the average years of education of employed persons helps to improve efficiency in the use of resources, such as electricity, and moves the economy in a green direction, thus contributing to reducing carbon emissions [52]. This study uses the average number of years of schooling (in years) of workers at the end of the year in each province in China [53] to measure the AE.




2.6. Data Sources and Processing


Restricted to data availability, this study takes 30 provinces in China and sets the study period as 2005–2021. Most of the data used in measuring the ECCE came from the China Energy Statistical Yearbook and the China Statistical Yearbook, and the carbon emission coefficients for fuels came from Shan et al. [54]. Most of the data used to analyze the influencing factors came from the EPS data platform (http://www.epsnet.com.cn accessed on 3 March 2024), and the data used to calculate the average years of educationcame from the China Labor Force Survey. Using the Geodetector model required us to discretize the six influencing factors’ data using a natural breakpoint classification method.



In addition, because the natural breakpoint method and Geodetector model are based on cross-sectional data for analysis, in order to ensure the comprehensiveness of the research results as much as possible under the condition of limited space, this paper takes 2005 and 2021 as the initial and ending years, respectively. It ultimately selects the data of the four research years of 2005, 2010, 2015, and 2021 to conduct the spatial differentiation characterization and geodetection study of the carbon emissions from China’s electric power consumption. The years 2005 and 2021 are the starting and ending years of the study period, and 2010 and 2015 are the concluding years of the Eleventh and Twelfth Five-Year Plans for China’s national economic and social development, respectively, so it is of great practical significance to study China’s ECCEs in these four years.





3. Results and Analysis


3.1. Characteristics of Spatial Differentiation


In this study, the ECCEs in 30 provinces of China were divided into five categories—namely, high-value area (V), higher-value area (Ⅳ), middle-value area (III), lower-value area (II), and low-value area (I)—by the natural breakpoint method in the ArcGIS 10.2 software. Then, the distribution of the ECCEs of China’s provinces for the four study years of 2005, 2010, 2015, and 2021 were plotted, as shown in Figure 1.



Since the ECCEs in China’s provinces are increasing yearly, the thresholds for the four study years differed, as did the provinces included in similar regions under the categorization of breakpoints. As it can be seen from Figure 1, China’s provincial-level ECCEs showed prominent spatial differentiation characteristics in all four study years. Shandong, Hebei, Shanxi, Henan, Inner Mongolia, Jiangsu, Zhejiang, and Guangdong belonged to zones with relatively high carbon emissions in the four study years. In particular, the provinces represented by Jiangsu, Shandong, and Guangdong were areas with high carbon emissions in the four study years mainly because these three provinces are among the top economic provinces in China, with well-developed industries, agriculture, and services, large populations, and a large total energy consumption, which directly or indirectly led to a massive increase in the ECCEs. Jilin, Heilongjiang, Fujian, Hainan, Hubei, Hunan, Jiangxi, Qinghai, Gansu, Chongqing, Yunnan, and Guangxi were zones with relatively low carbon emissions during the four study years. In particular, the provinces represented by Hainan and Qinghai were zones with low carbon emissions during the four study years mainly because of their underdeveloped economies, small populations, lack of industrial clusters, and low electricity consumption.



As shown in Figure 2, there are some fluctuations in the spatial differentiation characteristics of China’s ECCEs, and, in particular, the internal variability in the high-value and higher-value zones needs to be emphasized. The spatial differentiation pattern of the ECCE in 2005 included Hebei, Jiangsu, Shandong, and Guangdong in the high-value area and Shanxi, Inner Mongolia, Liaoning, Shanghai, and Zhejiang in the higher-value area. The range of high- and higher-value zones in 2010 remained mostly unchanged from the 2005 results, with Shanghai changing from a higher-value zone to a middle-value zone. In 2015, Xinjiang changed from a lower-value area to a higher-value area, and Inner Mongolia changed from a higher-value area to a high-value area. The pattern of spatial differentiation in 2021 remained broadly consistent with that of 2015. It is noteworthy that Xinjiang made a rapid leap from a relatively low-value area to a relatively high-value area during the study period, which was related to the rapid development of Xinjiang in the previous decade or so.




3.2. Regional Disparities and Their Decomposition


Figure 3 depicts the changes in the overall Gini coefficient and intra-regional Gini coefficients for the ECCEs in China from 2005 to 2021. The overall Gini coefficient shows a fluctuating upward trend, with an average annual growth rate of 0.28%. The overall Gini coefficient in 2021 (0.435) is higher than the overall Gini coefficient in 2005 (0.419), indicating that the overall difference in the ECCE in China is widening. For each specific region, the average values of the intra-regional Gini coefficients for the eastern, central, and western regions are 0.42, 0.40, and 0.29, respectively, implying that the eastern region has the most considerable intra-regional variation in ECCEs, followed by the central region, and the western region has the smallest variation. The intra-regional disparities in the three regions show different trends. The intra-regional disparities in the eastern region increased from 0.383 in 2005 to 0.412 in 2021, an overall increase of 7.57%, with an average annual increase of 0.53%. The intra-regional disparities in the central region increased from 0.360 in 2005 to 0.408 in 2021, with an overall increase of 13.33% and an average annual increase of 0.84%. The intra-regional variation in the western region increased from 0.234 in 2005 to 0.370 in 2021, with an overall increase of 58.12% and an average annual increase of 3.32%. It can be seen that the disparities in the ECCEs among the provinces within a region in the eastern, central, and western regions all showed an expanding trend, and the western region had the most significant magnitude and speed of expansion.



Figure 4 depicts the trend of the inter-regional Gini coefficient of the ECCEs in China. The most significant difference was between the eastern and western regions, with an inter-regional Gini coefficient mean of 0.50. The second-most-significant difference was between the eastern and western regions, with an inter-regional Gini coefficient mean of 0.434. The slightest difference was between the central and western regions, with an inter-regional Gini coefficient mean of 0.42. The disparities between the eastern and central regions and the central and western regions in 2005–2021 showed an overall widening trend, while the disparities between the eastern and western regions showed an overall narrowing trend.



Figure 5 illustrates the sources and contributions of regional disparities in the ECCEs in the three major regions of China. The average annual contributions of intra-regional variation (Gw), hypervariable density (Gt), and inter-regional variation (Gr) to the overall variation during the study period were 31.91%, 31.31%, and 36.78%, respectively, which implied that inter-regional variation was the largest source of overall variation. From the trends of the three, the contribution rate of Gw was relatively stable, essentially maintaining fluctuations within the range of 29.79–33.05%. The contribution rate of Gt showed a significant upward trend during the study period, rising from 24.17% in 2005 to 36.36% in 2021, with an average annual growth rate of 2.84%. The contribution rate of Gr showed a significant downward trend from 45.48% in 2005 to 30.98% in 2021, with an average annual decline rate of 2.19%. In summary, the overall disparities in the ECCEs in the three major regions of China were mainly attributed to inter-regional disparities. Therefore, narrowing the inter-regional gap should be a critical factor in promoting the carbon emission reduction process in terms of China’s power consumption.



Strengthening inter- and intra-regional mutual assistance regarding talent, technology, and resources and realizing synergistic low-carbon development in the region is crucial to effectively narrowing the gap in the ECCEs between regions. For example, Shanghai and other vital provinces in the eastern region should actively play the role of a central city, strengthen the economic and technological radiation to neighboring regions, and improve the economic level of neighboring provinces while reducing the disparities in the carbon emission levels within the region. The eastern region should give full play to its advantages in high technology and channel technical talents towards the central and western regions to provide the necessary support for the industrial development and upgrading of the central and western regions. The western region is rich in green power resources; therefore, as an important hub between the east and central regions, the western region can increase the transmission of green power to the central and eastern provinces in the case of new energy power transmission channels continuing to be broadened, having a significant positive effect on carbon emission reduction in the sender and recipient provinces.




3.3. Factors Influencing Spatial Differentiation in ECCEs in China


3.3.1. Analysis of Factor Detection Results


The results of factor detection for the four study years are shown in Figure 6. In 2005, among the six influencing factors, the GDP had the most significant influence on the spatial divergence in carbon emissions from China’s electricity consumption. Its q-value was as high as 0.776, followed closely by IS (0.452), FDI (0.430), PD (0.331), RD (0.322), and AE (0.064). The results of the factor probes in 2010 when compared with 2005 showed that the influence of the PD on the spatial differentiation in carbon emissions from China’s electricity consumption rose to second place that year. Its q-value was 0.575, second only to economic development (0.601). The influence of IS declined more significantly and ranked fifth that year, and the influence of the six influencing factors was ranked as follows: GDP > PD > FDI > RD > IS > AE. In 2015, the influence of AE on the spatial divergence in carbon emissions from China’s electricity consumption surpassed that of RD. It came in fifth place, with a q-value of 0.163, and the influence of the six influencing factors was ranked as GDP > PD > FDI > IS > AE > RD. In 2021, the influence of IS on the spatial differentiation in carbon emissions from China’s electricity consumption surpassed that of FDI and came in third place. The order of influence of the six influencing factors was GDP > PD > IS > FDI > AE > RD. The above analysis shows that the factors have had different impacts on the spatial differentiation in carbon emissions from China’s electricity consumption in different years.



(1) Economic Development (GDP). The q-value of the GDP was the largest in all four study years, indicating that the GDP had the most significant influence on the spatial differentiation in carbon emissions from China’s electricity consumption in all four study years. It is worth noting that the influence of economic development on the spatial differentiation in carbon emissions from China’s electricity consumption gradually decreased in the four study years. However, it was still the most critical factor influencing the spatial differentiation in carbon emissions from China’s electricity consumption. Since the reform and opening up, China’s GDP has been expanding at a high rate, while, at the same time, electricity consumption has been rising, and the ECCEs have also been increasing. However, since 2010, China’s economic development has entered a medium-to-high-speed growth phase, during which China’s economic transformation has intensified, and economic development has become more focused on high quality. High-quality economic development has led to intensive urban development and a gradual increase in residents’ awareness of environmental protection, which has played a role in slowing down the rate of carbon emissions. Taking Guangdong, Zhejiang, Jiangsu, Shandong, and other typical provinces with relatively high levels of economic development as examples, the growth rates in electricity consumption in these four provinces in 2005 were 15.48%, 15.66%, 21.10%, and 18.35%, respectively, and the growth rates in electricity consumption in the period from 2005 to 2021 showed a general downward trend, and fell to 13.76%, 14.26%, 11.44%, and 6.21%, respectively, by 2021. Although economic development maintains a certain degree of rigidity in terms of electricity demand, dependence on electricity gradually decreases.



(2) Population Density (PD). The mean value of the q-value of population density (0.480) ranked second among all the influencing factors, indicating that population density significantly influenced the spatial differentiation in the ECCEs in China. Provinces with high population densities, as represented by Beijing, Tianjin, and Shanghai, have high levels of urbanization and require large amounts of electricity consumption for industries such as industrial production and commercial services, which, coupled with the more intensive lifestyles and energy activities in these cities and the centralized supply of electricity and heating in high-rise buildings and public transport, have a high energy demand, in particular, electricity, which leads to high carbon emissions on the consumption side of the electricity spectrum. It is worth noting that the influence of population density jumped from fourth place in 2005 to second place in 2010 and remained in second place in the last three cross-sections of this study, indicating that the influence of population density on the spatial differentiation in the carbon emissions of China’s electric power consumption in the last three years of this study had become more significant than that in 2005.



(3) Industrialization (IS). The mean value of the q-value of industrialization (0.332) ranked fourth among all the influencing factors, indicating that industrialization had some influence on the spatial differentiation in ECCEs in China. The advancement of industrialization requires the consumption of large quantities of electricity and other energy sources, coupled with the fact that the consumption of electricity by the industry is at the top of the list of all industrial sectors; industrialization is, therefore, closely linked to the ECCE. The ECCEs in industrialized provinces, as represented by Shandong, Guangdong, Jiangsu, and Hebei, were consistently high. In contrast, carbon emissions in provinces with a weak industrial base, such as Qinghai, Gansu, and Hainan, were consistently low. It is worth noting that the order of influence of industrialization on the spatial divergence in ECCEs in China in the four study years was second, fifth, fourth, and third, respectively.



(4) Foreign Direct Investment (FDI). The mean value of the q-value of foreign direct investment (0.333) ranked third among all the influencing factors, indicating that foreign direct investment had some influence on the spatial differentiation in the carbon emissions from China’s electricity consumption. With the deepening of the reform and opening up, foreign-invested enterprises entered China’s market, and the amount of foreign investment continued to grow, including foreign investment in most industries in manufacturing, coupled with a lower threshold for entry, so foreign investment and this concurrent continuous expansion further exacerbated the consumption of electricity and other energy sources. The provinces in China with relatively high levels of foreign investment have long stabilized in the coastal regions of Guangdong, Zhejiang, Jiangsu, Shanghai, and Shandong, which also had relatively high ECCEs in our study periods. Notably, the impact of FDI was ranked third in the first three study years and fourth in 2021.



(5) Financial Science and Technology Expenditure (RD). The mean value of the q-value of financial science and technology expenditures (0.203) ranked fifth among all the influencing factors, indicating that financial science and technology expenditures had a weak influence on the spatial differentiation in carbon emissions from China’s electricity consumption. In recent years, the Chinese government has continued to increase its fiscal expenditure on science and technology, placing it among the highest in the world. In order to promote local innovation and scientific and technological development, the Chinese government has increased its support in terms of its fiscal expenditure on science and technology, encouraging localities to formulate and implement scientific and technological innovation policies and promoting the enhancement of local innovation capacity. Beijing, Shanghai, and other provinces have relatively high financial, scientific, and technological expenditures. Their electric energy utilization efficiency is relatively high. However, these provinces had relatively low carbon emissions from electric power consumption, and there was a mismatch between financial expenditures on science and technology and carbon emissions, so the influence of financial, scientific, and technological expenditures was weaker.



(6) Average Years of Education (AE). The mean of the q-value of average years of education (0.136) ranked last among all the factors, indicating that the average years of education weakly influenced the spatial differentiation in carbon emissions from China’s electricity consumption. As the people of China become increasingly affluent and the education level of employed people rises, the utilization rate of electricity and other resources will increase. In places such as Beijing and Shanghai, where the average years of education are relatively high but the carbon emissions from electricity are relatively low, there is a mismatch between the average years of education and carbon emissions. Hence, the influence of the average years of education in our study was weak.




3.3.2. Interaction of Factors


Figure 7 presents the q-values of the interaction factors formed by the superimposition of the six impact factors in a two-by-two space over the four study years. Taken together, the q-values of each pair of interaction factors are more significant than those of a single factor in all the sample cross-sections, and the interactions between the detected factors show a two-way enhancement or a nonlinear enhancement, indicating that the interaction of each influence factor has a more significant impact on the spatial differentiation in the carbon emissions of China’s electric power consumption than that of a single influence factor.



Specifically, the values of q(GDP∩IS), q(PD∩IS), q(IS∩FDI), and q(IS∩RD) were relatively high in all the studied years, which indicated that the four factors—namely, GDP, PD, FDI, and RD—had an essential influence on the spatial differentiation in the carbon emissions of China’s electric power consumption when they separately interacted with IS. Among the above key interaction factors, the values of q(GDP∩IS) and q(PD∩IS) were always at the top in the four study years, which indicated that these two pairs of interaction factors had a strong influence on the spatial differentiation in the ECCEs in China. The value of q(IS∩FDI) kept increasing in the first three study years, and IS∩FDI became the most influential interaction factor in 2015, but the influence of IS∩FDI decreased in 2021. q(IS∩RD) showed a fluctuating upward trend in the four study years, and IS∩RD became the most influential interaction factor in 2021. It is worth noting that the GDP, which had the most decisive influence, interacted with the other factors to enhance the influence on the spatial differentiation in the carbon emissions from China’s electricity consumption in all the study years. The influence of RD and AE was relatively weak in the four study years. However, RD and AE enhanced their influence on the spatial differentiation in the carbon emissions from China’s electricity consumption after interacting with other factors. This also illustrated that certain factors only have some influence on the ECCE when they are synergized with other factors.



To summarize, the spatial differentiation in China’s ECCEs in a specific study year was the result of the joint action of various factors in that year, and the influence of the interaction of various factors on the spatial differentiation in China’s ECCEs increased significantly and changed with time.






4. Discussion


This paper used a Geodetector model to study the factors influencing the spatial differentiation in the ECCE in China. The factor detection study found that economic development and population density significantly influenced the spatial differentiation in the ECCE in China. Industrialization and foreign direct investment had some influence on the spatial differentiation in the ECCE in China. The results of this study were generally consistent with the results of other scholars’ analyses [45,46,47,49,55,56]. Previous studies have been limited to discussing the effects of individual factors on electricity carbon emissions but have yet to consider the effects of interactions among the influencing factors on electricity carbon emissions. The interaction detector used in this study addressed the shortcomings of previous studies. The interaction detection study found that some factors with average or low influence enhanced their influence on the spatial differentiation in carbon emissions from China’s electricity consumption after interacting with other factors. Therefore, the combined influence of multiple factors must be considered when formulating carbon emission reduction policies on the consumption side of electricity.



Due to the limitations of space, data, and methodology, this study still needs to be optimized:




	(1)

	
This paper measured ECCEs in provincial areas, which are relatively large in scale, and the conclusions and policy recommendations are weakly applicable in city and county areas. However, considering the availability of data, this paper still adopted provincial data for its study, and, in future studies, it could dig deeper into the data of cities and even counties to conduct more detailed research.




	(2)

	
There are many factors affecting the spatial differentiation in the carbon emissions from China’s electric power consumption, and this paper only selected six influencing factors to analyze the factors influencing the carbon emissions from China’s electric power consumption. In future research, we can consider introducing more quantifiable and reliable potential influencing factors into the Geodetector model for research and analysis to provide more ideas for formulating China’s electric power low-carbon development policy.




	(3)

	
This paper detected influencing factors such as economic development and population density in each province of China. However, the specific correlation between the ECCE and the influencing factors is not yet clear, and other models have to be applied to explore this in subsequent studies.










5. Conclusions


This study measured the ECCE at the provincial level in China considering consumer responsibility, analyzed the spatial and temporal disparities in the ECCE in China using the natural breakpoint method and the Dagum Gini coefficient, and analyzed the influencing factors and their interactions on the spatial differentiation in the ECCE in China through the Geodetector model. The main findings of this study are as follows:




	(1)

	
The ECCEs at the provincial level in China showed significant spatial differentiation across the four study years. The Shandong, Hebei, Jiangsu, and Guangdong provinces were high-value carbon emission zones, and Qinghai and Hainan provinces were low-value carbon emission zones. Xinjiang and Inner Mongolia gradually became higher-value or high-value carbon emission areas.




	(2)

	
The overall difference in the ECCEs among China’s three major regions increased during the study period. Disparities in the ECCEs were most significant among the provinces in the eastern region, followed by the central region, and they were smallest in the western region. The most significant disparities were found between the eastern and western regions, followed by those between the eastern and central regions, and the smallest were between the central and western regions. The inter-regional disparities in the carbon emissions from China’s electricity consumption were the largest source of overall disparities.




	(3)

	
Economic development, population density, industrialization, and foreign direct investment (FDI) strongly influenced the spatial differentiation in the carbon emissions from China’s electricity consumption over the four study years. In addition, after the interaction of each influencing factor, the influence on the spatial differentiation in the carbon emissions from China’s electricity consumption was more significant than that of a single influencing factor. It is worth noting that economic development had the most significant impact as the key influencing factor in all four study years. Industrialization had an essential influence on the spatial differentiation in the ECCE in China after interacting with other influencing factors.










6. Policy Recommendations


Based on the above conclusions, this paper proposes the following policy recommendations, which aim to reduce the carbon emissions from China’s electricity consumption and contribute to the achievement of the “dual-carbon” goal:




	(1)

	
In promoting the process of reducing carbon emissions from the consumption side of electricity, the Chinese government should adhere to the leading role of narrowing the gap in the ECCEs among provinces and regions, promoting coordination and cooperation among regional governments, promoting cross-regional technology exchange and experience sharing, and accelerating the popularization and application of renewable energy power generation and energy efficiency technologies throughout the country. Local governments can encourage local power companies to increase the share of renewable energy in power generation by formulating relevant energy policies, such as increasing renewable energy subsidies and carbon emission standards, to reduce carbon emissions at the source [57]. At the same time, each province should consider its carbon emission situation and regional development characteristics and choose a low-carbon emission reduction model that suits the development reality and reflects the regional characteristics according to local conditions.




	(2)

	
Chinese provinces, especially Shandong, Jiangsu, Guangdong, and Hebei, that have high carbon emission levels from electricity consumption need to reconcile population density, industrialization, foreign direct investment, and economic development. If the existing energy consumption structure remains stable for a long time, we should gradually change the crude economic development mode of high energy consumption and high emission, improve energy efficiency and reduce energy consumption at the same time, promote the agglomeration of capital, talents, technology, and other factors by urbanization, promote the transformation and upgrading of industry from resource-intensive to technology-intensive, actively develop the tertiary industry, and increase the absorption capacity of high-quality, high-technology, low-pollution, low-energy consumption green FDI to promote the progress of energy-saving technology and the upgrading of our industrial structure. This would reduce the ECCE while systematically optimizing population density, industrialization, foreign direct investment, and economic development.
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Figure 1. Spatial differentiation pattern of China’s ECCEs, 2005–2021. 
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Figure 2. Natural breakpoint partitioning of China’s ECCEs, 2005–2021. 
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Figure 3. Overall Gini coefficient and intra-regional Gini coefficient of China’s ECCEs, 2005–2021. 
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Figure 4. Variations in inter-regional Gini coefficient of China’s ECCEs. 
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Figure 5. Origins and contributions of regional disparities in China’s ECCEs. 
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Figure 6. Factor detection results. 
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Figure 7. Interaction detection results of years (a) 2005, (b) 2010, (c) 2015, and (d) 2021. 
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Table 1. Definition of variables in Equations (2)–(4).
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	Variable
	Definition





	Kn
	Electricity generation efficiency by province in year n



	Sn
	Efficiency of electricity use in each province in year n



	ECV
	Equivalent value of electricity, generally taken as 0.1229 kgcc/kWh



	EEVn
	Equivalent value of electricity in each province in year n



	FCk,n
	Consumption of fossil fuel k in thermal power generation by province in year n



	Rk
	Conversion standard coal factor for fossil fuel k



	TPn
	Thermal power generation by province in year n



	GDPn
	Gross domestic product (GDP) of provinces in year n



	YPn
	Electricity consumption by province in year n



	Bn
	Maximum value of GDPn/YPn among 30 provinces in year n










 





Table 2. Definition of the variables in Equations (6) and (7).
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	Variable
	Definition





	EFICni
	Carbon emission factor for electricity consumption in province i in year n



	GEni
	Total electricity generation in province i in year n



	EOni
	Total electricity transferred from province i for consumption in other provinces in year n



	(GEni − EOni)
	Total electricity consumption in province i in year n



	θni
	Share of ECCEs in direct carbon emissions from electricity in province i in year n



	Pni
	Direct carbon emissions from electricity generation in province i in year n



	∑g≠iGEng
	Total electricity generation in provinces other than province i



	ERni
	Total electricity transferred from other provinces for consumption in province i in year n










 





Table 3. Interaction detection results’ discriminating criteria.
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	Basis of Judgment
	Interaction





	q(X1∩X2) < Min(q(X1), q(X2))
	Nonlinear weakening



	Min(q(X1), q(X2)) < q(X1∩X2) < Max(q(X1), q(X2))
	One-factor nonlinear enhancement



	q(X1∩X2) > Max(q(X1), q(X2))
	Two-factor enhancement



	q(X1∩X2) = q(X1) + q(X2)
	Standalone



	q(X1∩X2) > q(X1) + q(X)2
	Nonlinear enhancement
















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2024 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).








Check ACS Ref Order





Check Foot Note Order





Check CrossRef













media/file13.jpg
ousms B0 JORA et 1+ s ey [ B v
o [T TS R U S I ) -
v el [ Y G Ol
(avesrzons e
o [ R O O - s N s s o >
sus oo I Bl Y Y s P .

"even 1S

"@veas 2021






media/file4.png
8 .
: <
= =
< ° =
.m .a..l_.V 10na
&n = T 7
=
o
S =
LS
O
=
=
e

mﬁ.'ww%
<77 I\
57






nav.xhtml


  sustainability-16-04128


  
    		
      sustainability-16-04128
    


  




  





media/file2.png
60°00"E 75°0'0"E 90°0'0"E 105°00"E 120°00"E 135°00"E 150°00"E
N
45°0°0" N~ A -45°0'0"N
0 130 260 520 780
30°0°0"' N L 30°0°0"N
Carbon emission(Mt)
2005 K
I 99.61-35062 ‘O I
[ 306377 7 PR
15°00"NT ] 11798234759 South Sea islands | 1, coqgnn
" / 'S
[0 2347.60-4403.50 N ;,.,?,?
4403.51-6579.45 b x N ¥
- \ € 2 0 | b
No data
L L L) L) L)
75°0°0"E 90°0°0"E 105°0°0"E 120°00"E 135°0'0"E
60°0°0"E 75°0'0°E 90°0°0"E 105°00"E 120°00"E 135°00"E 150°00"E
N
45°0°0" N~ A -45°0'0"N
0 130 260 520 780
30°0°0" N+ -30°0°0"N
Carbon emission(Mt)
2015 .
P 6s0.41-1583.03 .O I :
[ 158304284868 7 L PR
I1S°0°0"NT ] 2848.69.4801 42 South Sea |sllands 15900 N
s A
[0 4801.43.9935.78 / 3w
F 2R g
9935.79:16,376.20 P LI
- \ e ' N
A,] No data
Ll Ll Ll L J Ll
75°0°0"E 90°0'0"E 105°0'0"E 120°00"E 135°0°0"E

60°0'0"E 75°0'0"E 90°00"E 105°00"E 120°00"E 135°00"E 150°00"E
N
45°0°0"' N~ A L 45°0'0"N
0 130 260 520 780
30°0°0"' N~ L 30°0'0"N
Carbon emission(Mt)
2010 o
I 256.97-1290.24 ‘O |
[ ] 120025219130 7 ML
ISP00"NT T 219131433583 Sou 'h S:a |sI’ands -1590'0"N
/ .
[ 433584.7878.51 o
7878.52:9709.43 ) : ’ ’
== Yo 0 s
No data
L Ll L) L) L)
75°0°0"E 90°0'0"E 105°0°0"E 120°0'0"E 135°0°0"E
60°0'0"E 75°0'0"E 90°00"E 105°00"E 120°00"E 135°00"E 150°0°0"E
N
. A 4500\
0 130 260 520 780
30°0°0" N~ -30°0'0"N
Carbon emission(Mt)
2021
P 78284176275 :
[ 1176276359202 \ W)
15°0'0"N] ) 3592.03.7710.59 Sou 'h Seaislands | | copquy
o
[0 71060-14,587.41 ..-'5“
F 25 a4
14,587.42-20,200.02 P LA ¥
- \ "-" o . | -
L ]‘o data
Ll Ll Ll Ll T
75°0°0"E 90°0'0"E 105°0°0"E 120000"E 135°0'0"E





media/file5.jpg
K100

B Chire —o—East —o—Conral —o—West





media/file3.jpg
Shaanxi

Vunnan

Guizhou

Sichuan

Chongging

Hai

Ningxia

Qinghai

Gansu

inan

Guangxi

Guangdong

Xinjiang BeUing Tian