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Abstract

:

Since China’s reform and opening up, especially after its accession to the World Trade Organization, its foreign trade has achieved fruitful results. However, at the same time, the extensive foreign trade growth model with high energy consumption and high pollution has also caused a rapid increase in carbon emissions. There is a large amount of embodied carbon emissions in the export trade. In order to achieve the strategic goals of “Carbon Peak” and “Carbon Neutrality’, and at the same time build a green trading system to achieve coordinated development of trade and the environment, it is of great significance to study embodied carbon emissions and how to decouple them with China’s foreign trade. This paper uses the Logarithmic Mean Divisia Index method to decompose the influencing factors of the embodied carbon in China’s export trade in order to study the impact of three factors: export scale, export structure, and carbon emission intensity. The results show that the change in export scale is the most important factor affecting the embodied carbon of China’s export trade, and the expansion of export scale has caused the growth of trade embodied carbon. Carbon emission intensity is the second influential factor, and the decline in carbon intensity would slow down the growth of trade embodied carbon, while changes in the export structure have the smallest impact on trade embodied carbon. The high carbonization of the overall export structure will cause growth of trade embodied carbon, but the tertiary industry has seen some improvement in the export structure, which could facilitate the decline of trade embodied carbon.
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1. Introduction


Since China’s reform and opening up, its foreign trade has achieved tremendous growth. According to statistical yearbook released by the National Bureau of Statistics, in 2001, China’s total foreign trade of goods imports and exports was only $509.65 billion U.S. dollars, while by 2020, this number has increased to $4655.91 billion U.S. dollars, with an increase of 813.55% and a compound annual growth rate of over 11% [1,2]. On the other hand, China’s total foreign trade of service imports and exports has increased from 78.45 billion U.S. dollars in 2001 to $661.72 billion U.S. dollars, with an increase of 743.49% and a compound annual growth rate of 11.26% [1,2]. By 2020, China had become the world’s largest trader, as well as a major trading partner of more than 100 countries [3]. Its total foreign trade has accounted for more than 13% of total global trade, and its growth rate is much higher than that of total global trade [4,5,6]. The growth in foreign trade has played a huge role in stimulating China’s economic development, but the extensive growth model of foreign trade has also caused a huge negative impact on the environment [7,8]. China’s over-reliance on factors such as labor and resources in global trade has resulted in China staying at the low end of the global trade value chain for a long time [9,10,11]. On the one hand, in China’s export structure, resource-intensive and labor-intensive products account for more than 50% of total exports, and this percentage has shown an increasing trend [12,13]. On the other hand, processing trade still occupies a large proportion in China’s export trade, especially in the first few years after joining the WTO, during which the proportion of processing trade was once over 50% [14,15]. The foreign trade growth model discussed above has resulted in China’s large export scale with a low added value of export. In addition, China’s export is heavily dependent on consumption of resources, causing environmental pollution as well as continuous growth of carbon emissions [16].



According to statistics from the Global Carbon Budget Database, China’s total domestic carbon emissions were 3.51 billion tons in 2001, which has increased to 10.67 billion tons by 2020 with an increase of 203.56%. The proportion of China’s carbon emissions in total global carbon emissions has also increased from 13.62% in 2001 to 30.64% in 2020, making China the world’s largest carbon emitter [17]. Excessive carbon emissions will not only have a negative impact on China’s economic development, but will also threaten people’s health and even survival [18]. As carbon is being the main greenhouse gas, the increase of its concentration in the atmosphere has led to global warming, resulting in temperature rise, sea level rise, and various extreme climates, which could cause immeasurable damage to food production, the ecological environment, infrastructure construction, and the safety of people’s lives and property [19,20,21]. According to the fifth assessment report of the Intergovernmental Panel on Climate Change (IPCC), the current impact of human activities on climate change is negative and large, and we cannot let it continue to develop [22]. In response to this severe situation, the United Nations adopted the “United Nations Framework Convention on Climate Change”, with the goal of controlling global temperature changes within a safe range [23]. As a supplement to this framework, the “Kyoto Protocol” adopted in 1997 put forward emission reduction requirements for some countries [24]. Since China’s total carbon emissions were limited at the time, it was not bound by mandatory emission reduction requirements. However, with the continuous growth of carbon emissions, China’s carbon emissions have attracted more and more attention from the international community. In the “Paris Agreement” signed in 2015, China has been designated as one of the main countries for carbon emission reduction, and all countries are required to set emission reduction targets by 2030 by means of “independent contributions” [25]. In this regard, China’s leader Xi Jinping solemnly pledged at the 75th UN General Assembly in 2020 to achieve the peak of carbon emissions by 2030 and achieve carbon neutrality by 2060 [26].



As China being a major trading country and a major carbon emitter, its trade growth has not only driven economic growth, but also continuously increased carbon emissions, resulting in a large amount of embodied carbon in export trade [27]. In order to achieve the strategic goals of “Carbon Peak” and “Carbon Neutrality’, it is of great theoretical and practical importance to study embodied carbon emissions and how to decouple them with China’s foreign trade.




2. Literature Review


When studying the influencing factors of carbon emissions, the academic community often use the structural decomposition analysis method based on the input-output analysis model [28,29,30]. This method is based on the input-output table and fully considers the relationship between sectors. This method decomposes the changes in carbon emissions into the sum of changes caused by different independent variables, and analyzes the contribution of changes in each independent variable to changes in carbon emissions. For example, Ali et al. (2020) designed an emission multiplier product matrix to estimate the carbon emissions generated by British industrial activities and decomposed the factors affecting carbon emissions. They found that technological progress had played a key role in reducing carbon emissions in the UK. The final demand structure achieved through technological progress could help reduce carbon emissions [31]. Araujo et al. (2020) conducted a quantitative study on the influencing factors of carbon emissions of countries that newly joined the EU. The results of structural decomposition showed that their total amount of carbon emissions had increased due to the expansion of the trade scale and changes in their industrial structure [32]. Engo et al. (2021) used the structural decomposition method and decoupling model to analyze the carbon emissions of North African countries. They found that the effects of scale, energy intensity and economic structure are different among those countries [33]. Kim and Tromp (2021) used the multi-region input-output method and the structural decomposition model to calculate the embodied carbon in trade between Brazil and China. The study found that the changes in China’s final demand and export structure are the main factors accounting for the increase of embodied carbon emissions [34].



However, the structural decomposition analysis method has the issue of incomplete decomposition when decomposing variables, that is, there could be some “decomposition residual” [35,36]. In recent researches, the academic circle often handles the decomposition residual by taking the average of the positive and negative extreme values [37,38,39]. However, when researchers adopt different decomposition orders, the results obtained are not always consistent [40,41,42].



In view of this, many scholars have adopted the Logarithmic Mean Divisia Index (LMDI) method of the Divis Decomposition method. For examples, Raza and Lin (2020) applied the LMDI method to study carbon emissions in Pakistan’s transport sector. Their findings suggest that economic growth was the main factor responsible for the increase in carbon emissions from Pakistan’s transport sector during the 1984–2018 period [43]. Pita et al. (2020) used the LMDI-I index method to study the influencing factors of carbon emissions from road transport in Thailand. The results show that the type of fuel and energy efficiency are the main factors affecting carbon emissions in this sector in Thailand. By increasing the proportion of biofuels used and further improving energy efficiency, the carbon emission level in this sector will be significantly reduced [44]. Chontanawat et al. (2020) used the LMDI method to study the carbon emission levels and influencing factors of various industries in Thailand from 2005 to 2017. The results show that the upgrading of industrial structure has reduced carbon emissions, while the increase in energy intensity of some industries has led to their carbon emissions rising [45]. Hasan and Wu (2020) investigated carbon emissions from the power sector in Bangladesh from 1979 to 2018 and used the LMDI method to analyze the industry’s future emissions levels. The research results show that CO2 intensity and power intensity are the main factors leading to the increase of carbon emissions, and the widespread application of renewable energy technologies in the future will be an important policy tool to reduce carbon emissions [46].



This method is very robust. It can deal with zero and negative values very well, and can achieve complete decomposition without residuals so that the decomposition results are more reliable. The following studies demonstrate this advantage: Taka et al. (2020) used Kaya identity and LMDI method to study carbon emissions in Ethiopia’s energy sector. The results they obtained show that economics, population, and fossil fuel were the main contributors to the increase in carbon emissions, while the increase in energy intensity would significantly reduce the increase in carbon emissions [47]. Yasmeen et al. (2020) used the LMDI method to assess Pakistan’s carbon emissions during 1972–2016. Their results also show that economic development is the main factor for the increase in per capita carbon emissions in Pakistan, while improving the energy structure and improving energy efficiency can help reduce per capita carbon emissions [48]. Ozturk et al. (2021) used the Tapio decoupling index and LMDI method to study carbon emissions of three typical representatives of emerging economies, Pakistan, India, and China. The results show that although the energy intensity of the above three countries has reduced carbon emissions, their economic development, population, energy structure, and other factors have increased carbon emissions [49]. Using the LMDI-I model and the Innovative Accounting Approach, Cansino et al. (2021) studied Ecuador’s carbon emissions from 2000–2014. They found that the most important factors affecting Ecuador’s carbon emissions are carbon intensity, population growth and economic development, with the country’s energy and transportation sectors being the most sensitive to increases in carbon emissions [50].



According to this latest trend in the academic circle, we utilized the LMDI method to decompose the changes in the embodied carbon of China’s export trade into the export scale effect, export structure effect, and the carbon intensity effect, in order to analyze the impact of changes in the export scale, export structure, and carbon intensity on the embodied carbon of China’s export trade in depth.



In the following sections of this paper, Section 3 introduces the calculation method of real trade volume and the decomposition model of influencing factors of export trade embodied carbon. Section 4 calculates and discusses the influencing factors of embodied carbon in China’s export trade by three major industries by using the World Input-Output Database (WIOD) (2016 edition). Section 5 provides the conclusions of this paper.




3. Materials and Methods


3.1. Real Trade Volume Calculation


In view of the possibility of double counting in traditional trade statistics, this paper has conducted research based on trade value-added, and converted the trade value-added of each year to comparable prices of 2010. In the accompanying economic and social accounts of the 2016 version of the WIOD database, price indices of value added by sector for each country are available each year. Since the value-added price of each sector in 2010 has been used as the reference price in the account, and the value-added price index of each sector in 2010 is set to be 100, we convert the value-added of each sector in other years into 2010 comparable prices. Similarly, indicators such as trade scale, trade structure and carbon emission intensity are also calculated based on the above converted trade added value. The main steps of real trade volume calculation of this paper are as follows.



3.1.1. Trade Value Added


The trade value-added is divided into export trade value-added and import trade value-added. The former refers to the trade value-added created by domestic production while the latter refers to the trade value-added created by foreign production in imports.



Due to economic globalization, the production of a final product is often not completed within one country, but has undergone production and processing in multiple countries. For example, the primary products are manufactured in one country, and then exported to another country as intermediate products for further processing, and eventually exported to a third country as final products for consumption. The international division of labor is conducive to each country’s comparative advantages and factor endowment advantages to participate in the production of final products, which is of great significance to promoting the economic development of all countries [51]. Developing countries in particular can participate in international trade by virtue of their comparative advantages in resources and labor and benefit from the international trade. Even trade in intermediate products could help developing countries mitigate the distortion of factor markets and optimize the allocation of resources.



However, the rapid growth of intermediate products trade has caused statistical problems. Since traditional trade statistics normally focus on the total value of commodities, and do not consider the trade of intermediate products. Therefore, the multiple flows of intermediate products between countries will cause statistical duplication, thereby “inflating” the trade volume [52,53,54]. Taking mobile phone production as an example, assume that the design and production of core components such as mobile phone chips and integrated circuits are completed in the United States, and then the components are exported to China as intermediate products. Chinese companies would process and assemble the mobile phones, and then the finished products are exported to Japan. In the above-mentioned trade process, the actual trade volume of China is only the added value of mobile phones during processing and assembly, and should not be calculated based on the export value of finished mobile phones according to customs statistics. Therefore, in the context of rapid growth of international trade in intermediate products, the concept of trade value added should be adopted to accurately calculate the real trade volume, trade gains and value flow in order to identify and measure a country’s real trade competitive advantage [55,56,57].




3.1.2. Calculation of Trade Value Added


This paper has adopted the input-output method to measure the trade added value of China’s export. Please refer to Table A1 in Appendix A to find the meaning of variables used in calculation. First, this paper calculates the direct value-added coefficient    v i r   , which represents the value-added contained in the total output of sector  i in country  r , that is, the total input of sector  i  after removing the intermediate input (that is, the initial input) [58]. The calculation method is shown in the following equation:


   v i r  =    I i r     X i r       (  r = 1 , 2 , … , M , i = 1 , 2 , … , N  )   



(1)







Express the above direct value-added coefficient in a matrix form, as shown in the following equation:


  v =  [       v 1       …       v M       ]   



(2)







Equation (3) can be obtained by establishing a connection with the Leontief model.


  v ⨀ X = v ⨀    (  I − A  )    − 1   F  



(3)




where   v ⨀ X   represents the vector obtained by multiplying the corresponding position of vector  v  and vector  X .  A  is the direct consumption coefficient matrix, and its element    A  i j   r s     is the direct consumption coefficient, representing consumption per unit of output in sector  j  in country  s  to sector  i  in country  r . In the input-output table, from the perspective of the relationship between the rows, the intermediate output  Z  plus the final output  F  equals the total output  X , that is,   Z + F = X  . The intermediate output can be expressed by the total output and the direct consumption coefficient, that is,   Z = A X  . So we can get   A X + F = X  . After matrix inversion, we can further get   X =    (  I − A  )    − 1   F  , which is the Leontief model [59,60].



Moreover,   v ⨀    (  I − A  )    − 1     is the complete value-added coefficient, representing the total value added for each unit of final product produced by different sectors in different countries. Here, the final demand matrix  F  is expressed as a block matrix for illustration, as shown in equation:


  F =  [       F  11      …     F  1 M        …   …   …       F  M 1      …     F  M M        ]  =  [       F 1     …     F M       ]   



(4)







The final demand matrix  F  is divided by columns into the demand vector of each economy for the final product produced by different sectors in different countries, where    F s    is an    (  M × N  )  × 1   dimensional vector, representing the demand of country  s  for the final product of different sectors in different countries. By multiplying with the inverse Leontief matrix [61,62], that is,      (  I − A  )    − 1    F s   , the demand of country  s  for all products of various sectors in each country can be obtained. By multiplying with the corresponding position of the direct value-added coefficient, that is,   v ⨀    (  I − A  )    − 1    F s   , the calculation method of trade value added can be obtained, as shown in this equation:


  V = v ⨀    (  I − A  )    − 1   F  










  =  [  v ⨀    (  I − A  )    − 1        F 1         …    v ⨀    (  I − A  )    − 1    F s     …        v ⨀    (  I − A  )    − 1    F M       ]   



(5)




where   v ⨀    (  I − A  )    − 1    F s    represents the total added value of different sectors in different countries in order to meet the final demand of country  s . Based on that, the matrix is further divided by country, and thus Equation (6) can be obtained:


  V =  [       V  11      …     V  1 M        …     V  r s      …       V  M 1      …     V  M M        ]   



(6)




in which    V  r s     is the vector of added value of various sectors in country  r  in order to meet the final demand of country  s . Thus, the export value-added vector of country  r  can be obtained, as shown in this equation:


  E  V r  =   ∑   s , s ≠ r    V  r s    



(7)




in which   E  V r    is an   N × 1   dimensional vector, which represents the added value of export trade of various sectors in country  r . Similarly, the import value-added vector of country  r  can be calculated, as shown in this equation:


  I  V r  =   ∑   s , s ≠ r    V  s r    



(8)




where   I  V r    is an   N × 1   dimensional vector, which represents the import value-added of country  r  from various foreign sectors.




3.1.3. Data Source and Calculation Process


We used MATLAB (the software of MathWorks, Inc. Natick, MA, USA. Version: r2018b) to perform calculations. The multi-region input-output table needs to be established in order to calculate the trade value added. This paper has established a multi-region input-output table based on the WIOD database. The value-added price indices of various sectors in China are from the supporting economic and social accounts of the 2016 version of the WIOD [63]. The economic and social accounts include data such as the number of employees, compensation of labor and capital, and price indices of 56 sectors in 44 economies during the 2000–2014 period, providing a sound data support for the multi-region input-output table. In the process of trade value added calculation, inflation must be dealt with. Due to the existence of inflation, the same goods or services have different prices in different years, which makes it impossible to directly compare the trade value added of different years. When dealing with inflation, this paper first uses the international input-output tables of current prices to calculate trade value-added, and then uses the value-added price indices of various sectors in the economic and social accounts to obtain the trade value added at comparable prices. In actual calculation, this paper converts the trade value-added obtained in the first step with the 2010 comparable prices. Therefore, unless otherwise specified, the trade value-added data in this paper are the trade value-added calculated based on 2010 comparable prices rather than current prices.





3.2. Decomposition Model of Influencing Factors of Embodied Carbon in Export Trade


This paper has used the factor decomposition method to decompose the embodied carbon in China’s export trade. This method decomposes the change of the target variable into changes of specific influencing factors to study the role of each factor. As mentioned in Section 1 and Section 2 above, this paper has adopted the LMDI method according to the latest trends in the academic circle in order to analyze the influencing factors of embodied carbon in China’s export trade. This method has strong robustness. It can deal with zero and negative values very well, and can achieve complete decomposition without residuals [64,65].



The calculation method of the LMDI model is shown in the following equation:


  E C =   ∑  i  E  C i  =   ∑  i  E V   E  V i    E V     E  C i    E  V i    =   ∑  i  Q  S i   I i   



(9)







The above equation decomposes the total embodied carbon in export trade into the sum of embodied carbon of various sectors, which is further expressed as the sum of the product of export scale, export structure and carbon intensity. In Equation (9),   E C  (  =   ∑  i  E  C i   )    is the total embodied carbon in export trade;   E  C i    represents the embodied carbon of sector  i ;   E V  (  =   ∑  i  E  V i   )    is the total export value-added;   E  V i    represents the export value-added of sector  i .   Q  (  = E V  )    represents the total export scale.    S i   (  = E  V i  / E V  )    is the ratio of the export value added of sector  i  to the total export value added, representing the structural composition of the total export value added.    I i   (  = E  C i  / E  V i   )    is the ratio of the export trade embodied carbon of sector  i  to the export value added of sector  i , representing the embodied carbon intensity of sector  i . This indicator reflects the production technology and energy technology levels of sector  i .



Further, this paper has decomposed the changes in the total embodied carbon in export trade from period  0  to  t  according to the decomposition method shown in this equation:


  Δ E C = E  C t  − E  C 0  = Δ E  C Q  + Δ E  C S  + Δ E  C I   



(10)







In the above equation,   Δ E  C Q    is the export scale effect, representing the changes in embodied carbon in export trade caused by changes in export value added.   Δ E  C S    is the export structure effect, representing the changes in embodied carbon in export trade caused by changes in the export structure.   Δ E  C I    is the carbon intensity effect, implying the changes in embodied carbon in export trade caused by technological changes of various sectors. According to the LMDI model, the equations of the three variables above are as follows:


  Δ E  C Q  =   ∑  i    E  C i t  − E  C i 0    ln E  C i t  − ln E  C i 0    ln  (     Q t     Q 0     )   



(11)






  Δ E  C S  =   ∑  i    E  C i t  − E  C i 0    ln E  C i t  − ln E  C i 0    ln  (     S i t     S i 0     )   



(12)






  Δ E  C I  =   ∑  i    E  C i t  − E  C i 0    ln E  C i t  − ln E  C i 0    ln  (     I i t     I i 0     )   



(13)









4. Results and Discussion


4.1. Analysis of Overall Influencing Factors of Embodied Carbon in China’s Export Trade


Based on the LMDI model and the WIOD data, this paper has decomposed the influencing factors of embodied carbon in China’s export trade. The results obtained are shown in Figure 1:



In the graph above, the bars represent the change in carbon embodied in export trade between two years. In terms of the export scale effect, the change in the embodied carbon in export trade caused by the export scale effect from 2000 to 2001 was 37.18 million tons, and it has been increasing since then. Between 2006 and 2007, the export scale effect reached a local maximum of 405 million tons. From 2008 to 2009, the export scale declined due to the financial crisis, and the export scale effect showed a negative value of −226 million tons during the research period. Between 2009 and 2010, the export scale effect recovered to 403 million tons and then declined, but remained at a level above 90 million tons. Therefore, the changes in the embodied carbon of export trade caused by the export scale effect are generally positive and the value of the export scale effect is relatively large, and only has a negative value in very few cases.



In terms of the export structure effect, the change in the embodied carbon in export trade caused by the export structure effect from 2000 to 2001 was 9.64 million tons, which has increased since then. During the period of 2003–2004, the export structure effect was 180 million tons. After a short period of decline, it rose to 159 million tons during the period of 2006–2007, and then dropped to a negative value. From 2008 to 2009, the export structure effect reached its lowest value of −183 million tons, and rebounded to 118 million tons during the period of 2009–2010. During 2010-2011 and 2011–2012, the export structure effect dropped to a negative value again, but rose to a positive value after that and remained below 100 million tons. Therefore, the export structure effect in the embodied carbon in export trade is generally positive, with negative values appear from time to time. The value of the export structure effect is relatively small compared to the export scale effect. However, from the perspective of reducing the embodied carbon in export trade as well as lowering the environmental cost of international trade, China’s export structure has been deteriorating during most of the research period. Only for a few years has the embodied carbon declined due to the optimization of the export structure.



In terms of the carbon intensity effect, the change in the embodied carbon in export trade caused by the carbon intensity effect from 2000 to 2001 was −26.36 million tons, which showed a downward trend thereafter. From 2006 to 2007, the carbon intensity effect reached its lowest value of −420 million tons, and then rebounded. During the period of 2008–2009, the carbon intensity effect showed a positive value of 75.59 million tons, and then dropped to a negative value, and fluctuated at around −100 million tons. Therefore, the impact of the carbon intensity effect on the embodied carbon in China’s export trade is generally negative, which indicates that during most of the research period, the use of clean energy and technological progress helped reduce the embodied carbon in China’s export trade.



In summary, during the period of 2000–2014, the cumulative change in embodied carbon in export trade caused by the export scale effect was 2.85 billion tons; the cumulative change caused by the export structure effect was 595 million tons; the cumulative change caused by the carbon intensity effect was −1.96 billion tons. The total cumulative change caused by these three types of effects was 1.49 billion tons (as shown in Figure 2).



In Figure 2, the proportions of the export scale effect, the export structure effect, and the carbon intensity effect were 191.56%, 40.03%, and −131.60%, respectively. This indicates that on the one hand, the expansion of the export scale and the deterioration of the export structure caused the embodied carbon in China’s export trade to increase. The deterioration here is from the perspective of carbon emissions. It refers to the increase in the proportion of high energy consuming, high carbon emission, and low value-added sectors in the export structure, while the proportion of clean and high value-added sectors industries declines. The export scale effect was the most important driver of such growth. On the other hand, the use of clean energy and the decline of carbon intensity brought by technological progress helped reduce the embodied carbon in China’s export trade [66].




4.2. Analysis of Influencing Factors of Embodied Carbon in the Export Trade of the Primary Industry


Based on the LMDI model and the WIOD data, this paper has decomposed the influencing factors of embodied carbon in the export trade of China’s primary industry. The results obtained are shown in Figure 3:



In terms of the export scale effect of the primary industry, during the period of 2000–2001, the change of the embodied carbon caused by the export scale effect was −375.2 thousand tons, which experienced a gradual increase thereafter. During the period of 2004–2005, the export scale effect increased to a maximum value of 6.00 million tons, but continued to decline thereafter and reached a minimum value of −2.24 million tons during the period of 2008–2009. The export scale effect of the primary industry rebounded to 1.47 million tons between 2009 and 2010, and then fluctuated around 1 million tons. Overall speaking, the changes of the embodied carbon in the export trade of the primary industry caused by the export scale effect are basically positive, with negative values appearing only in a few years. During the research period, the export scale effect has shown large positive values during the early stage, and its absolute value has decreased in the later stage.



In terms of the export structure effect of the primary industry, the changes of the embodied carbon caused by the export structure effect were relatively small, and mostly negative. During the research period, the export structure of China’s primary industry has not experienced major changes, so the changes of embodied carbon caused by the export structure effect were relatively small.



In terms of the carbon intensity effect of the primary industry, during 2000–2001, the change of embodied carbon in the export trade of the primary industry caused by the carbon intensity effect was 142.4 thousand tons, which showed some increase thereafter. Between 2003 and 2004, the change of embodied carbon caused by the carbon intensity effect was 2.48 million tons, which has declined since then. The carbon intensity effect is mostly negative in terms of the embodied carbon in the export trade of the primary industry.



In summary, during the period of 2000–2014, the cumulative change of embodied carbon in the export trade of the primary industry caused by the export scale effect was 19.23 million tons; the cumulative change caused by the export structure effect was −722.3 thousand tons; the cumulative change caused by the carbon intensity effect was 604.7 thousand tons. The total cumulative change caused by these three types of effects was 19.11 million tons (as shown in Figure 4).



In the above Figure 4, the proportions of the export scale effect, the export structure effect, and the carbon intensity effect were 100.62%, −3.78%, and 3.16%, respectively. This indicates that on the one hand, the expansion of the export scale is the most important driver of the embodied carbon in the export trade of the primary industry. The improvement of the export structure has helped reduce the embodied carbon to a certain extent. However, since the export structure of the primary industry has not changed much, the impact of the export structure effect is relatively small. On the other hand, the carbon intensity effect has led to an increase in the embodied carbon in the export trade of the primary industry. This is mainly due to the fact that the production technology of China’s primary industry is not advanced and the emissions from the consumption of non-clean energy would also lead to the growth of embodied carbon in the export trade [67,68].




4.3. Analysis of Influencing Factors of Embodied Carbon in the Export Trade of the Secondary Industry


Based on the LMDI model and the WIOD data, this paper has decomposed the influencing factors of embodied carbon in the export trade of China’s secondary industry. The results obtained are shown in Figure 5:



In terms of the export scale effect of the secondary industry, during the period of 2000–2001, the change of the embodied carbon caused by the export scale effect was 45.47 million tons, which continued to increase thereafter. Between 2006 and 2007, the export scale effect reached 500 million tons. The export scale effect only turned negative (−277 million tons) once during the period of 2008–2009. After that, it rebounded to 463 million tons between 2009 and 2010 with a downward trend, and remained above 100 million tons. Overall, the changes of the embodied carbon in the export trade of the secondary industry caused by the export scale effect are basically positive, and the value of the export scale effect is relatively large.



In terms of the export structure effect of the secondary industry, the changes of the embodied carbon caused by the export structure effect first increased, and then decreased, and then rebounded. The export structure effect remained positive during most of the research period, which indicates that the export structure of the secondary industry is deteriorating, thus leading to the growth of the embodied carbon in the export trade of the secondary industry.



In terms of the carbon intensity effect of the secondary industry, the changes of the embodied carbon caused by this effect showed the trend of decline, a short rise, and then decline again. This effect remained negative for most of the research period, which indicates that the use of clean energy and technological progress have reduced the embodied carbon in the export trade of the secondary industry.



In summary, during the period of 2000–2014, the cumulative change of embodied carbon in the export trade of the secondary industry caused by the export scale effect was 2.9 billion tons; the cumulative change caused by the export structure effect was 376 million tons; the cumulative change caused by the carbon intensity effect was −1.87 billion tons. The total cumulative change caused by these three types of effects was 1.41 billion tons (as shown in Figure 6).



In the above Figure, the proportions of the export scale effect, the export structure effect, and the carbon intensity effect were 205.67%, 26.67%, and −132.62%, respectively. This indicates that the export scale effect is the most important driver of embodied carbon increase in the secondary industry. Secondly, the export structure effect has also caused growth of the embodied carbon in the export trade, which indicates that from the perspective of environmental costs, the export structure of China’s secondary industry is deteriorating. Finally, the decrease of the carbon intensity effect has caused a decline of the embodied carbon in the export trade of the secondary industry, with a relatively significant impact.




4.4. Analysis of Influencing Factors of Embodied Carbon in the Export Trade of the Tertiary Industry


Based on the LMDI model and the WIOD data, this paper has decomposed the influencing factors of embodied carbon in the export trade of China’s tertiary industry. The results obtained are shown in Figure 7:



In terms of the export scale effect of the tertiary industry, the change of the embodied carbon in the export trade of the tertiary industry caused by this effect repeated the patterns of increase first and then decrease during the research period. During most of the research period, the export scale effect remained positive, which indicates that the expansion of the export scale has caused the growth of the embodied carbon in the export trade of the tertiary industry. One exception is that during the period of 2008–2009, due to the impact of the financial crisis, the decrease of the export scale led to a decline in the embodied carbon in the export trade of the tertiary industry.



In terms of the export structure effect of the tertiary industry, the changes of the embodied carbon caused by this effect showed large fluctuations during the research period, with no obvious trend that can be identified. Overall speaking, during most of the research period, the export structure effect was negative, which indicates that the improvement of the export structure of the tertiary industry has caused a decline in the embodied carbon of export trade.



In terms of the carbon intensity effect of the tertiary industry, the changes of the embodied carbon in export trade caused by this effect remained negative for most of the research period and their values were relatively large, which indicates that the decrease of the carbon intensity effect has caused a large decline of the embodied carbon in the export trade of the tertiary industry.



In summary, during the period of 2000–2014, the cumulative change of embodied carbon in the export trade of the tertiary industry caused by the export scale effect was 1.59 million tons; the cumulative change caused by the export structure effect was −11.83 million tons; the cumulative change caused by the carbon intensity effect was −89 million tons. The total cumulative change caused by these three types of effects was 58.53 million tons (as shown in Figure 8).



In the Figure above, the proportions of the export scale effect, the export structure effect, and the carbon intensity effect were 272.28%, −20.21%, and −152.06%, respectively. This indicates that the export scale effect is the most important driver of embodied carbon increase in the tertiary industry. Secondly, the cumulative change caused by the export structure effect was negative, indicating that the tertiary industry has experienced export structure optimization during foreign trade, which has led to the decrease of the embodied carbon in export trade. Finally, technological progress and the use of clean energy have led to a decline in the carbon intensity effect, as well as a decline in the embodied carbon of the export trade of the tertiary industry [69,70].




4.5. Possible Strategies to Reduce the Impact


Based on the above analysis results of China’s export trade embodied carbon impact factors, the following strategies may be effective means to reduce the impact:




	(1)

	
Calculate the carbon footprint of the relevant sectors. A carbon footprint is a collection of greenhouse gas emissions caused by an organization, business, product or individual through various production and consumption processes. It describes the carbon emissions impact of an individual’s awareness and behavior on the natural world. In order to reduce the impact of carbon embodied in export trade, China needs to start calculating the carbon footprint of relevant sectors included in export trade [71].




	(2)

	
Promote the development of circular economy. China needs to improve resource conservation and recycling in export trade, and organize export trade into a circular process of “resources-products-renewable resources”, so that all materials and energy can be rationally and lastingly utilized in this continuous cycle to reduce carbon emissions and the impact on the natural environment [72].











5. Conclusions


This paper has adopted the LMDI method to decompose the influencing factors of the embodied carbon in China’s export trade, and studies the changes of the embodied carbon from the perspectives of export scale effect, export structure effect and carbon intensity effect in order to discuss the impact of the export scale, export structure and carbon emission intensity of each sector on the embodied carbon of export trade. The calculation results show that overall speaking, the expansion of the export scale is the most important driver of embodied carbon growth. The cumulative impact of the export scale effect was 2.85 billion tons. The deterioration of the export structure is a secondary factor causing the growth of the embodied carbon in China’s export trade. The cumulative impact of the export structure effect was 595 million tons. Meanwhile, the decline of the carbon intensity was an important factor leading to the decrease of the embodied carbon in China’s export trade. The cumulative impact of the carbon intensity effect was −1.96 billion tons.



In China’s national economy, the primary industry refers to agriculture, forestry, animal husbandry and fishery. The secondary industry refers to mining, manufacturing, electricity, heat, gas and water production and supply, and construction. The tertiary industry is the service industry [73].



In terms of the three industries of the national economy, the continuous expansion of the export scale of the primary industry was the most important driver of its embodied carbon growth. The cumulative impact of the export scale effect in the primary industry was 19.23 million tons. During the research period, the export structure of the primary industry has been improved, resulting in a small decline in the embodied carbon of the export trade of the primary industry. The cumulative impact of the export structure effect in the primary industry (such as agriculture, forestry, etc.) was 722.3 thousand tons. Meanwhile, the increase of the carbon intensity has caused increase of the embodied carbon in the export trade of the primary industry. The cumulative impact of the carbon intensity effect in the primary industry was 604.7 thousand tons.



As for the secondary industry, the continuous expansion of its export scale was also the most important driver of embodied carbon increase. The cumulative impact of the export scale effect in the secondary industry was 2.9 billion tons. The deterioration of the export structure of the secondary industry was the secondary factor of embodied carbon increase in the export trade of the secondary industry. The cumulative impact of the export structure effect in the secondary industry was 376 million tons. However, the decrease of carbon intensity played an important role in the reduction of embodied carbon in the export trade of the secondary industry. The cumulative impact of the carbon intensity effect in the secondary industry was −1.87 billion tons.



As for the tertiary industry, the continuous expansion of its export scale was also the most important driver of embodied carbon increase in the export trade. The cumulative impact of the export scale effect in the tertiary industry was 159 million tons. The optimization of the export structure and the decline of carbon intensity have played an important role in the reduction of the embodied carbon in the export trade of the tertiary industry. The cumulative impacts of the export structure effect and the carbon intensity effect in the tertiary industry during the research period were −11.83 million tons and −89 million tons, respectively.



Since the statistical period of the WIOD database ends in 2014, the data analysis and calculation after 2014 need to be explored in future research to reflect the latest changes in the field of embodied carbon in export trade. This is one limitation of our study.



In addition, with the enrichment of research methods and the continuous updating of research tools, we will further tackle the technical problems of incomplete decomposition in the structural decomposition analysis method in the future research, in order to further improve the existing literature on the analysis of factors affecting the embodied carbon in export trade.
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Table A1. The meaning of variables used in Section 3.
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	Variable
	Meaning





	  M  
	Number of countries



	  N  
	Number of sectors



	  I  
	The initial input vector of each sector in every country



	    I i r    
	   Initial   input   in   sector   i        in   country   r   



	  v  
	The vector of direct value added coefficients of each sector in every country



	    v i r    
	   The   direct   value - added   coefficient   in   sector   i        in   country   r   



	  A  
	Direct consumption coefficient matrix



	    A  i j   r s     
	   Consumption   per   unit   of   output   in   sector   j        in   country   s        to   sector   i        in   country   r   



	  F  
	Final demand matrix



	    F i  r s     
	   Demand   of   country   s        for   final   product   of   sector   i        in   country   r   



	  X  
	   The   total   output   matrix   obtained   by   multiplying   the   inverse   Leontief   matrix      (  I − A  )    − 1          by   the   final   demand   matrix   F   



	    X i  r s     
	   The   demand   of   country   s        for   the   total   output   of   sector   i        in   country   r   



	  V  
	Value added trade flow matrix



	    V i  r s     
	  The   export   value - added   transferred   from   sector   i      in   country   r      to   country   s   through trade



	   E  V r    
	   Value - added   export   vector   of   sectors   in   country   r   



	   I  V r    
	   Value - added   import   vector   of   sectors   in   country   r   



	   E C   
	The total embodied carbon in export trade



	   E  C i    
	   The   embodied   carbon   in   export   trade   of   sector   i   



	   E V   
	The total export value-added



	   E  V i    
	   The   export   value - added   of   sector   i   



	  Q  
	The total export scale



	    S i    
	  The   ratio   of   the   export   value   added   of   sector   i   to the total export value added



	    I i    
	   The   ratio   of   the   export   trade   embodied   carbon   of   sector   i        to   the   export   value   added   of   sector   i   



	   Δ E C   
	Total change of embodied carbon in export trade



	   Δ E  C Q    
	The export scale effect



	   Δ E  C S    
	The export structure effect



	   Δ E  C I    
	The carbon intensity effect
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Figure 1. The specific effect value of influencing factors of embodied carbon in China’s export trade (unit: 10,000 tons). 
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Figure 2. Cumulative change of embodied carbon in China’s export trade caused by different influencing factors (unit: 10,000 tons). 
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Figure 3. Influencing factors of embodied carbon in the export trade of China’s primary industry (unit: 10,000 tons). 
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Figure 4. Cumulative change of embodied carbon in China’s export trade of the primary industry caused by different Influencing Factors (unit: 10,000 tons). 
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Figure 5. Influencing factors of embodied carbon in the export trade of China’s secondary industry (unit: 10,000 tons). 
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Figure 6. Cumulative change of embodied carbon in China’s export trade of the secondary industry caused by different influencing factors (unit: 10,000 tons). 
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Figure 7. Influencing factors of embodied carbon in the export trade of China’s tertiary industry (unit: 10,000 tons). 
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Figure 8. Cumulative change of embodied carbon in China’s export trade of the tertiary industry caused by different influencing factors (unit: 10,000 tons). 
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