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Abstract

:

As an important factor affecting ecological sustainability, the food industry’s ecological efficiency (EE) deserves great attention and control. In 2013, China implemented a carbon emissions trading policy (CETP) to limit carbon emissions from various industries to promote the optimization of the ecological environment. To explore the ecological sustainability of China’s food industry, identify the factors affecting the EE of the food industry, and study the influence heterogeneity and influencing mechanisms, the impact of the CETP on the food industry, which emits high volumes of greenhouse gasses, requires evaluation. Many scholars have studied the policy’s effect from the perspective of EE, but they have ignored the food industry, which is the main carbon emitting sector, and there is a lack of heterogeneity analyses of the influencing factors. This study reviewed the implementation process and characteristics of the CETP in the past decades. Using provincial panel data from 2003 to 2019, this study measured the EE in the food industry through the difference-in-difference model, evaluated the emission reduction and economic effects of the CETP on the food industry, characterized the heterogeneity of the policy’s effectiveness, and analysed its mechanism using three-stage mediating regression. The results showed that (1) the CETP significantly affected the food industry’s EE, which increased by 38.3% on average in experimental provinces compared with non-experimental provinces. (2) For the food industry, the policy’s effect was most significant in the food manufacturing and tobacco subsectors, and these subsectors in the experimental provinces increased by 66.0% and 39.7%, respectively; meanwhile, the policy’s effect was not significant in agriculture and subsidiary food processing and beverage manufacturing. By industrial area, the policy’s effects were significantly higher in the eastern region compared with the central and western regions. The influence on the food industry’s EE in the eastern region was close to 150%, while in the central and western regions, it was not significant. (3) The CETP promoted the food industry’s EE by improving energy consumption structure and technological innovation. The proportion of coal consumption decreased by 6.34% on average, and the technological innovation level increased by 25.1% on average in the experimental provinces’ food industries. The research findings indicate that the CEPT is a good practice and worth spreading. For food industry enterprises with high carbon emissions, attention should be paid to low-carbon transformation through technological upgrading and management optimization. For policymakers, targeted policies are needed to establish a national unified carbon trading market so that the national carbon emissions can be controlled, and the gap between regional carbon emissions can be narrowed.
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1. Introduction


Since the mid-20th century, industrial production has discharged large amounts of carbon dioxide, which is the main cause of the greenhouse effect and extreme weather [1,2]. The Intergovernmental Panel on Climate Change has stated that if humans continue to discharge carbon dioxide unchecked, by 2100, the global temperature will be four degrees higher on average compared with the pre-industrial era, which would seriously impact human health and survival [3]. Climate change caused by excessive carbon emissions is a common challenge facing all of mankind; it not only affects human living environments and the ecosystem, but more importantly, ultimately affects human sustainable development. Therefore, intervening in various industries to control carbon emissions is important for human society.



As the world’s most populous country and one of the major agricultural products countries, reducing carbon emissions is of great importance for China. Specifically, for the food industry, the greenhouse gases generated by traditional food production in China can reach 17% of the world’s total [4]. On the one hand, in the production of food crops, China consumes 40% of the world’s fertilizer, making it the largest fertilizer user [5,6], and the excessive use of fertilizer will directly lead to excessive emissions of carbon dioxide [7]. On the other hand, since 1985, China’s output of livestock products has been the first in the world, and the average annual carbon emissions of China’s livestock industry are increasing at a rate of 2.2% [8]. China’s food industry activities account for 16–17% of China’s total greenhouse gas emissions, significantly higher than the global average of 13.5% [9]. To address the risk of excessive carbon emissions, the Chinese government solemnly pledged to adopt strong policies and measures to promote energy conservation and emission reduction, and strive to achieve the carbon dioxide emissions peak by 2030 and carbon neutrality by 2060 (“double carbon” goal) at the United Nations General Assembly [10]. Subsequently, the Chinese government implemented several policies, of which the most extensive and influential is the carbon emissions trading policy (CETP), which was first implemented in 2013. Through the CETP, the government scientifically sets the total allowable carbon emissions for a certain period and allots carbon emission rights to economic entities based on distribution criteria. Economic entities can reduce their own carbon emissions or buy allowances on the carbon emissions trading market (CETM) to meet their targets during the compliance period [11]. Approximately 20 industries and 3000 enterprises are included in the CETM across various regions, with a cumulative total of over 450 million Mg of carbon emissions traded and a turnover of over CNY 10 billion [12]. The CETP is expected to become an important tool for addressing environmental problems in China.



As the food industry is one of the largest industries, the impact of the CETP on this industry merits attention. From three aspects, the impact of the CETP on China’s food industry is worth researching. First, the food industry accounts for over one-third of the anthropogenic greenhouse gas emissions worldwide [13]. The food industry can be subdivided into four aspects: animal husbandry, crop production, land occupation and the production supply chain [14]. Among them, the highest carbon emissions are from livestock, accounting for up to 31% of all agricultural carbon emissions [15]; the methane released by ruminants through intestinal fermentation is the highest contributor compared to other greenhouse gases [16], with a Global Warming Potential (GWP) 25 times that of carbon dioxide [17]. Other carbon emissions involved in production include methane from crop production and nitrous oxide decomposition when nitrogen fertilizer is applied to farmland, as well as loss of carbon sequestration due to expansion or intensive treatment of farmland [18,19]. In addition, in the food production and supply stage, there is also a large amount of carbon associated with electricity and energy consumption, food waste, and refrigerant escape, among which the main compounds nitrous oxide and difluoromethane have 265 times and 1760 times the GWP of carbon dioxide [20]. Thus, the food industry has a greater potential for carbon reduction than other industries. Second, the food industry has a high degree of standardization. On the one hand, food production uses agricultural products as raw materials, and in order to ensure food safety, standardized planting and breeding have become the starting point of the food industry. Standardized planting and breeding need to consider the soil, air, water, fertilizer, labour force, etc. There have been many preliminary research foundations for input calculations for these production factors, which provide a reference for the carbon emissions calculation [21,22,23]. On the other hand, for the food industry, there are strict standards in the production process such as disinfection methods, the use of food additives and so on, which means that the output difference of enterprises will not be too large, that is, the carbon emissions are “calculable” [24]. Moreover, China’s food safety department also has specific regulations on food quality detection tools and detection processes and has a unified quantitative standard for each food product. Therefore, the food industry is easy to quantify and control, and the CETP effect is easier to measure. Finally, the impact of the food industry is widespread. The food industry not only affects people’s daily lives, but also ecosystems. People need to obtain material and energy from food through their diet to ensure the normal operation of life. Therefore, some scholars believe that food is the first factor in determining physical health [25]. The food web structure formed by the food relationship between humans and nature enables the food industry to connect people’s daily life with ecological resources such as solar energy, water, soil and air, thus creating a relationship with the sustainability of the ecosystem [26]. Therefore, studying the CETP’s effects and mechanisms in China’s food industry has great theoretical and practical significance.



There are many studies on carbon emissions in China, but few studies have empirically analysed the impact of the CETP on the food industry. First, most of the existing studies qualitatively discussed the carbon emission reduction of the food industry, and there is a scarcity of empirical data to examine the impact of one policy on the whole industry. Second, the study time span is short and cannot fully reflect the long-term trend of China’s CETP influence. In addition, the research methods are relatively simple. Many scholars only estimate and analyse the carbon emissions of the food industry using the factor method, do not use models to optimize the data results, rarely pay attention to the impact mechanism of policies, or only consider the carbon emission reduction results of specific regions, without focusing on specific industries.



Based on this, this study used China’s provincial panel data from 2003 to 2019 to specifically discuss the sustainability of the food industry in China. Referring to the ecological efficiency (EE) index calculation ideas given by the World Business Council for Sustainable Development (WBCSD), the impact of the CETP on the food industry was tested empirically, and the policy’s impact was discussed by subindustry. Then, the robustness test was used to further optimize the empirical results and strengthen the credibility of the analysis. Finally, the mechanism of the CETP’s impact on the EE of the food industry was analysed to evaluate the sustainability policy more effectively. Through the above analysis, this study aimed to achieve two research objectives: on the one hand, from a theoretical level, apply the classical policy evaluation methods in economics to the application of CETP in the food industry, and expand the application scenarios and boundaries of the theory; on the other hand, through heterogeneity and mechanism analyses, useful suggestions are provided for the food industry to improve its EE from the practical level.



This research mainly supplements the existing literature in two aspects: research perspective and research content. The first innovation is the research perspective. As a new perspective, this study used the economic–environment ratio method to measure the Chinese food industry’s EE at the provincial level, and comprehensively evaluated the economic effect and emission reduction effect of the CETP on the food industry. The second innovation is the research content. Previous studies on the CETP mostly focused on the policy’s effects, with few analyses of the impact mechanism. This research not only examined the degree of the CETP’s impact on the Chinese food industry’s EE, but also used the mediating effect model to investigate the impact mechanism of the CETP from the two perspectives of energy consumption structure and technological innovation. The internal conduction logic is explained.




2. Literature Review


2.1. Carbon Emissions Trading Policy


Carbon emission trading refers to the market trading of greenhouse gas emission quotas or credits for the purpose of controlling greenhouse gas emissions. In this process, the buyer obtains the corresponding carbon emission quota or credit by paying the seller so as to limit uncontrolled carbon emissions in a market. The implementation of carbon emission trading cannot be separated from the CETM.



The world’s first CETM was the European Union Emissions Trading System (EU-ETS) [27] that was launched in 2005. Subsequently, the United States, Japan, India and China established their own CETMs, and the number of CETMs worldwide is increasing. Currently, there are over 20 CETMs around the world, and the gross domestic product (GDP) of the regions they cover accounts for over one-third of the global GDP [28]. The CETMs have gradually become the major means of energy conservation and emission reduction. China’s CETM opened in 2013 with experimental projects in Beijing, Tianjin, Shanghai, Shenzhen, Chongqing, Guangdong and Hubei.



The CETMs in different regions of China differ in their enterprise thresholds, quotas, distribution methods and penalty mechanisms. However, they are based on the carbon emission trading method, the allocation of carbon emissions of each unit, and in the pilot process to constantly improve the carbon emission trading standards and provide experience for the establishment of a national carbon trading mechanism. Table 1 shows the regional CETM conditions.



There are different types of industries in a region, but they are affected by administrative power and resource allocation; when a strong policy is implemented, almost every industry in the region will be affected to a certain extent [29]. In this study, the CETP is a good example. When the experimental provinces carry out carbon emission trading, the food industry in the region will naturally be affected by it [30]. Moreover, among the experimental provinces in China in 2013, most were provinces with a large food industry (such as Guangdong and Tianjin), and the food industry accounted for a high proportion of their industrial output value [31]. Therefore, the effect of the CETP on the food industry is worthy of a focused analysis.




2.2. Carbon Emissions Trading Policy’s Effects


The current studies on the CETP’s effects have mainly focused on both emission reduction and ecological economic effects.



2.2.1. Emission Reduction Effect


The emission reduction effect is the CETP’s original purpose and the direct outcome of the policy. Researchers have proposed two main views on this effect.



One view is “reversed transmission emissions reduction”. Scholars posit that policy intervention can increase enterprises’ pollutant discharge costs and force them to improve production technology and reduce resource consumption, ultimately achieving the policy goal of reduced carbon emissions. Wang et al. (2022) argue that strict environmental regulations can effectively reduce resource consumption and carbon emissions, thereby improving environmental quality [32]. Zhang et al. (2021) constructed a computable general equilibrium (CGE) model to analyse the effect of carbon pricing policies and found that, under appropriate target constraints, carbon pricing policies can effectively reduce the carbon emission intensity and improve the environmental quality while promoting economic growth [33]. Chen and Lin (2020) used the synthetic control method to construct a virtual control group and found that the carbon emissions in the experimental areas were significantly lower than those in a virtual control group after CETP implementation, indicating that the policy has significant emission reduction effects [34].



The other view is the “green paradox”, in which scholars argue that implementing environmental policies will not have a significant effect but may instead exacerbate environmental problems. The green paradox, first proposed by Sinn (2008), refers to a situation in which implementing environmental policies will not only fail to achieve the expected goals but also accelerate fossil energy consumption in the short term, thereby exacerbating the greenhouse effect [35]. Some scholars argue design flaws in CETMs may lead to a green paradox for the CETP, that is, as an artificially designed and controlled market, CETMs have high regulatory costs and moral hazard. Due to the volatility of carbon prices, the financialization of carbon emission quotas makes it difficult for regions with insufficient financial risk supervision capacity to cope with unpredictable market behaviour, and the CETP effect is limited [36]. Werf and Maria (2012) found that imperfect environmental regulatory policies lead to a substantial short-term increase in carbon emissions [37]. Frederick (2013) argues that, although the CETP can promote green technology development, it also accelerates fossil fuel consumption [38]. In a study on the US Clean Air Act, Maria et al. (2014) find that implementing environmental policies caused a significant decline in coal prices, which led to an increase in coal consumption and had results opposite to the policy’s expected effect [39].




2.2.2. Ecological Economic Effects


The policy ecological economic effects included the “compliance costs” and “compensation for innovation” views.



The “compliance costs” view argues that CETP implementation will require enterprises to spend more money on pollution control, thereby making enterprises deviate from the “pareto optimum”, and some may reduce or stop production to meet their emission reduction targets [40], which affects economic growth. Chapple et al. (2013) used a residual income valuation model to compare the market value of Australian companies with high carbon emissions before and after CETP implementation and found that the cost of these firms complying with the policy led to an approximately one-tenth decrease in their market value [41]. Gerlagh et al. (2021) used a CGE model to find that the CETP has a negative economic impact while promoting energy conservation and emission reduction, and increased carbon prices will further exacerbate the CETP’s disincentive effect on the economy [36].



In the “compensation for innovation” view, environmental regulation policies (e.g., CETPs) can use cost pressure to force enterprises to carry out technological innovation, thereby improving productivity and promoting green, high-quality development. In a study of an environmental policy, Miao et al. (2020) found that the more enterprises invest in energy conservation and emission reduction, the more likely they are to generate technological gains, resulting in a win–win situation for economic benefits and environmental quality [42]. Simon et al. (2020) found that a CETP can improve technological innovation capacity in implementing regions and create a good innovation atmosphere for enterprises [43]. Wang and Wei (2020) analysed the costs and benefits of energy conservation and emission reduction implementation in Organisation for Economic Co-operation and Development countries and found that policies can cause short-term production losses but lead to long-term economic and environmental co-development through technological progress [44]. Yuan et al. (2020) evaluated the CETP’s effects in China and found that the policy can guide enterprises to increase green innovation investment and develop green technologies, which can promote green economic growth [45].





2.3. Ecological Efficiency


EE reflects the unity of economic efficiency and environmental benefits, and effectively integrates the sustainable development goals of enterprises into regional development planning, which has been recognized and accepted by many enterprises and has become an important reference for the relevant policymakers.



2.3.1. Calculation Method


The economic concept of EE, first proposed by Schaltegger (1990), is the ratio of the economic value of production to the environmental burden caused during a certain period [46]. Subsequently, the WBCSD proposed the following formula [47]: ecological efficiency = economic value/environmental load. In this formula, the economic value is the total output of economic activities in a region; the environmental load includes both resource and energy consumption and environmental pollution emissions, including resource consumption at the beginning of production and pollution emissions at the end. Resource consumption can be measured by the quantity of non-renewable energy or water resources used, while pollution emissions can be measured using factors such as carbon dioxide emissions, solid and liquid waste, and various pollutant emissions. This method is also called the economic–environmental ratio method. Compared with the ecological footprint, stochastic frontier analysis and data envelopment analysis methods, the economic–environmental ratio method can better reflect the relationship between economic development and the environment [48,49,50,51].



EE measures policies’ effects in terms of the relationship between economic value and environmental impact. This requires the adverse impact of economic activities on the ecological environment to be minimized while ensuring healthy economic development. The key to improving EE is correctly handling the relationships between economic output, resource input and pollution prevention. EE can comprehensively measure economic efficiency and environmental quality and is, therefore, widely used by scholars to measure environmental policies’ effects.




2.3.2. Influencing Factors


EE is a comprehensive index used to measure economic development and environmental quality, and its influencing factors have the following main aspects.



	(1)

	
Economic development. The state of the environment is closely related to the economic development level, and EE depends on the relationship between economic development and environmental quality [52]. Environmental pollution follows a process from low to high and then low with increasing economic growth (Environmental Kuznets Curve).




	(2)

	
Industrial structure. Resource consumption and pollutant emissions are both related to industrial development, and different types of industries have different degrees of ecological impact [53]. In general, secondary industries, which mainly comprise industrial manufacturing, have the greatest energy consumption and cause more serious environmental pollution; the higher the proportion of secondary industries in a region, the lower the EE will be [54]. In contrast, tertiary industries, which are dominated by the service industry, have the least impact on resources and the environment, and increasing the proportion of tertiary industries helps improve the EE [55].




	(3)

	
Urbanization level. Scholars have used various models and datasets to empirically test the relationship between urbanization level and EE from different perspectives, and the findings are generally consistent: the relationship between urbanization level and regional EE is U-shaped [56,57,58]. The impact of urbanization on EE follows a process of decreasing and then increasing.




	(4)

	
Ageing populations. The increasing prominence of population ageing has also constrained EE and economic development around the world. Some scholars argue that population ageing and EE do not share a substantial impact relationship [59]. Others argue that increased ageing negatively affects EE [60,61]. More scholars believe that population ageing has a catalytic effect on EE [62,63,64], because the deepening of population ageing means that the demographic dividend gradually disappears, prompting enterprises to invest more in human capital and technological innovation for industrial transformation. Thus, the proportion of labour-intensive industries gradually decreases, environmentally friendly industries are ultimately enhanced, and national EE improves.




	(5)

	
Technological progress. Technological progress mainly affects EE in two respects: (1) progress increases enterprises’ production technology efficiency and reduces resource consumption [65], and (2) progress in environmental protection technology can promote low-carbon and green production and reduce environmental pollution, thereby improving EE [66,67].




	(6)

	
Other factors. Some scholars have examined influencing factors of EE in terms of fiscal decentralization [68], environmental regulation [69], industrial agglomeration [70], infrastructure [71] and the digital economy [72].







Through the literature review on the effect of the CETP on EE, it can be found that most scholars evaluate the emission reduction effect and economic effect of the CETP separately, and few studies have comprehensively evaluated its impact on the economy and environment. As a bridge between economic development and environmental quality, EE can reflect both the emission reduction and economic effects of the CETP; however, relatively few studies have used EE as an evaluation indicator to examine the policy’s effects. Furthermore, previous studies have often used empirical models to test the CETP’s effects and lack a systematic analysis of its impact mechanisms. Research on the impact paths of the CETP can provide effective suggestions for the government to improve CETM development and for enterprises to respond to policy. In addition, from the perspective of the research object, most of the current studies on the effect of the CETP are conducted from the regional level, and few scholars have conducted studies from the perspective of industries, while economic development is based on various industries. Therefore, it is crucial to examine the effect of the CETP in specific industrial fields from the industries’ perspective.



This study adds two aspects of research to the existing literature. First, based on provincial panel data from 2003 to 2019 in China, the food industry’s EE in Chinese provinces was measured using the economic–environmental ratio method, and the CETP’s effects on the food industry were estimated using a difference-in-difference (DID) model. Second, using a mediating mechanism model, the impact mechanism of the CETP’s effects on the food industry’s EE was examined.






3. Methodology


3.1. Model


3.1.1. DID Model


The DID is widely used as an effective method to assess the impact of policies [73,74,75], and it effectively addresses the pseudo-correlation problem when comparing outcomes before and after policy implementation. In addition, the DID method can successfully solve the problem of interaction between the explained variable and the explanatory variable, thus alleviating the endogeneity problem. This study used a DID model to evaluate the effects of China’s CETP on the food industry. On the one hand, the DID model can be used to avoid endogeneity problems to a large extent. Because policies are generally exogenous relative to microeconomic agents, there is no problem of reverse causality. Moreover, the fixed effect estimation in the DID model can alleviate the missing variable bias problem to a certain extent. On the other hand, under the traditional method, the policy’s effect is evaluated mainly by setting a dummy variable of whether the policy occurs or not and then conducting regression. In contrast, the DID model constructs the “difference” statistic reflecting the policy’s effect by comparing the difference between the control group and the treatment group before and after the policy implementation, which is more scientific and can estimate the policy’s effect more accurately. For this study, there will be a “difference” whether it is the experimental province, and there also will be a “difference” before and after the implementation of the CETP, so that it can be applied to the structure of “difference in difference”. Therefore, the DID model can effectively identify causal relationships and obtain unbiased estimates of the policy’s effects through regression analyses.



This study considered China’s CETP implemented in 2013 as a quasi-natural experiment, defining the six experimental provinces as the experimental group and the provinces not affected by the policy as the control group, and compared the between-group differences before and after the policy shock to reflect the CETP’s effects. We propose a DID model represented by Formula (1):


    Y   i t   =   α   0   +   α   1   t r e a t e   d   i   +   α   2   t i m   e   t   +   α   3   t r e a t e   d   i   ∗ t i m   e   t   +  ∑    α   j     x   j t     +   ε   i t    



(1)







In Formula (1),   i   represents the region,   t   represents the time, and     Y   i t     represents the food industry’s annual EE in each province.   t r e a t e   d   i     represents a dummy variable of a province, and if it is 1, it represents the experimental group of the CETP; if it is 0, it represents the other provinces.   t i m   e   t     represents a dummy variable of time; if it is 1, it represents the year after the policy experiment; if it is 0, it represents the year before the policy experiment.     x   j t     represents the control variable of number   j  ;     α   1    ,     α   2    ,     α   3    , and     α   j     represent the estimated coefficients, respectively;     α   0     represents the intercept term; and     ε   i t     represents the residual term.




3.1.2. Mediating Mechanism Model


To more deeply research the mechanisms through which the CETP affects EE in the food industry, we incorporated the mediating effects into our methodology. This approach not only deconstructs the underlying mechanisms, but also assesses the relative contributions of multiple intermediaries, thereby providing nuanced insights into sustainable development policy. We adopted the classical mediating effect model originally proposed by Baron and Kenny, focusing on the role of energy consumption structure and technological innovation in the policy influence process, and established the following model [76]:


    Y   i t   =   α   0   +   α   1   t r e a t e   d   i   +   α   2   t i m   e   t   +   α   3   t r e a t e   d   i   ∗ t i m   e   t   +  ∑    α   j     x   j t     +   ε   1 i t    



(2)






    M   i t   =   β   0   +   β   1   t r e a t e   d   i   +   β   2   t i m   e   t   +   β   3   t r e a t e   d   i   ∗ t i m   e   t   +  ∑    β   j     x   j t     +   ε   2 i t    



(3)






    Y   i t   =   γ   0   +   γ   1   t r e a t e   d   i   +   γ   2   t i m   e   t   +   γ   3   t r e a t e   d   i   ∗ t i m   e   t   +   γ   4     M   i t   +  ∑    γ   j     x   j t     +   ε   3 i t    



(4)




where     M   i t     represents the mediating variable, and the meanings of the other variables are consistent with those in Formula (1). First, the model tests the policy dummy variable (  t r e a t e   d   i   ∗ t i m   e   t    ) effect on     Y   i t     in Formula (2). If the coefficient is significantly positive, the policy enhances the food industry’s EE. Second, in Formula (3), the model tests the policy on the mediating variable     M   i t    . If the coefficient     β   3     is significant, the CETP has a significant impact on two mediating variables. Formula (4) considers the policy and mediating variables, and the model tests their effects on     Y   i t    . If the coefficients     γ   3     and     γ   4     are both significant, the mediating variables have a significant effect on the food industry’s EE, and an indirect effect exists. Finally, comparing     β   3    *    γ   4     and     γ   3    , if the signs of both parts are the same, this indicates a partial mediating effect; otherwise, it indicates a suppressive effect.



According to the setting of the models and the research objectives of this study, the analysis logic of the CETP’s impact on China’s food industry’s EE is shown in Figure 1.





3.2. Variable


3.2.1. Explained Variable


The explained variable in this study is the food industry’s EE, measured using the economic–environmental ratio method. As this research focuses on the impact of the CETP, the EE is the environmental efficiency related to carbon emissions and does not include other pollutant indices.



We referred to the calculation method of EE proposed by the WBCSD, that is, the ratio relationship between economic effect and environmental effect. EE is measured from the perspectives of reducing energy consumption and environmental pollution and expressed as resource efficiency (R) and environmental efficiency (P) [47,77]. The formulas are as follows:



R = Gross Industrial Output Value of food industry/Energy consumption of food industry



P = Gross Industrial Output Value of food industry/Carbon emissions of food industry



Therefore, in this research, the EE formula can be expressed as:


  E E =    R   2   +   P   2     



(5)








3.2.2. Explanatory Variables


The explanatory variable is the DID, which is implementation or non-implementation of this policy. The policy dummy variable in the models is set as   t r e a t e   d   i   ∗ t i m   e   t    . The policy dummy variable is 1 if the year is after 2013; otherwise, it is 0. The significance level of the coefficient of the policy dummy variable reflects the CETP’s effects on the food industry’s EE.




3.2.3. Control Variables


The control variables can address the endogeneity problem caused by omitted variables and selection bias. According to the above, the factors influencing EE also include economic growth, industrial structure, urbanization, demographic structure and technological innovation level. The GDP per capita was used to control for regional economic level; the proportion of secondary and tertiary industries in the GDP was used to control for regional industrial structure; the proportion of urban population in the resident population was used to control for regional urbanization level; the ratio in the total population of those aged 65 and above to those between the ages of 15 to 64 was used to control for the regional population ageing level; and the number of patent applications was used to control for the regional technology innovation level.




3.2.4. Mediating Variables


To examine the influencing mechanism of the CETP’s effects on the food industry’s EE, the energy consumption structure and technological innovation level were selected as mediating variables to test the mediating path. The measurement of energy consumption structure was based on the proportion of coal resources consumed by the food industry in its total energy consumption, and the technological innovation level was based on the food industry’s regional research and development (R&D) expenditure.





3.3. Data


To conduct the analysis of the influence of the CETP on China’s food industry and ensure data continuity and availability, this study established a panel dataset for 30 provinces and cities in China (excluding Tibet, Hong Kong, Macao, and Taiwan) from 2003 to 2019, which was obtained from the Carbon Emissions Accounts and Datasets (CEADs) of China, China Statistical Yearbook, China Industrial Statistical Yearbook, China Energy Statistical Yearbook, China Statistical Yearbook on Science and Technology and each province’s statistical yearbook. Carbon emission data for the food industry were obtained from the CEADs, which provide the most authoritative data on carbon accounting in China. Other macroeconomic data (e.g., urbanization rate, industrial structure, GDP by province) were obtained from various statistical yearbooks. Table 2 displays the descriptive statistics for the variables.



Figure 2 shows the comparison of the carbon emissions, environmental efficiency, resource efficiency, and the food industry’s EE differences between the experimental and non-experimental regions. The total carbon emissions of the food industry in both groups showed a decreasing trend, while environmental efficiency, resource efficiency, and EE showed increasing trends. After CETP implementation in 2013, the treatment resulted in significant between-group differences. According to the above, considering its comprehensive reflection of the sustainability of the food industry, we will further focus on the role of the CETP in EE.





4. Data Analysis and Results


4.1. The Carbon Emission Trading Policy’s Effects on the Food Industry in China


4.1.1. Baseline Regression


The CETP’s effects on EE in the food industry were assessed using DID models. In Table 3, the simplest baseline regression model is shown in column (1), which estimates only the effects of the policy dummy variables on the food industry’s EE. Models (2)–(5) progressively include control variables: GDP per capita, proportion of secondary and tertiary industries, number of patent applications, urbanization rate, and proportion of older adult population. As can be seen from the data at the 5% significance level in Table 3, there was a statistically significant positive correlation between the CETP and EE in China’s food industry. The policy’s effect resulted in an average EE increase of about 0.4 units, with a coefficient value of 0.383 after adding the control variables. This provides strong evidence that the adoption of the CETP has significantly improved the EE in China’s food industry. The policy dummy variable coefficient signs and significance levels did not change when the control variables were gradually added and remained significantly positive. Thus, the DID model results are robust, and the CETP can significantly improve the food industry’s EE.



The finding that the implementation of the CETP can make industrial enterprises more environmentally friendly and sustainable is consistent with the relevant research conclusions of previous scholars [78,79]. Moreover, it can be seen that the CETP had a stronger effect in the food industry, which is reflected in the baseline regression as a higher level of significance and a larger coefficient for the policy dummy variables. This conclusion provides the basis for the subsequent research in this paper. In the following, we will specifically discuss the differences in the policy’s impacts and the influencing mechanism.




4.1.2. Parallel Trend Test


The validity of the DID model must satisfy the parallel trend precondition, in that differences caused by other policies or factors should be excluded to ensure that the EE trend changes between the experimental and control groups before policy implementation are consistent [80]. The purpose of this part of the test is to compare the extent to which the parallel trend assumptions of local food enterprises apply to the impact of the CETP in provinces with and without experimental programs. Figure 3 shows the trend of the EE changes in the food industry between 2008 and 2019. The left side of the dashed line shows that the trend before policy implementation was basically the same; starting from the CETP’s implementation in 2013, the food industry’s EE in the experimental provinces significantly increased compared to that in the non-experimental provinces. As can be seen from the trends shown in Figure 3, the CETP has had a considerable impact. This suggests that the changes in the dependent variables in the experimental group and the control group followed a parallel trend before the implementation of the policy.





4.2. Robustness Tests


4.2.1. PSM-DID


The implementation of the CETP can be seen as a non-randomized experiment. Using the DID method to evaluate the policy’s effect will inevitably introduce sample selection bias [81]. In addition, this study sample covers 30 provinces across China, and differences in their economic conditions and locations result in the selection of the experimental regions for policy implementation not being completely random. The propensity score matching (PSM) method can be used to match the treatment group sample with a specific control sample, thus approximating a quasi-natural experiment with near randomization [82]. In order to improve the quality of the sample and support the reliability of the research results, this study used PSM-DID as the main research method for estimation robustness. This method is also widely used in the assessment of environmental policies and has been proven to be effective [82,83].



In the PSM process, CETP implementation is used as an explanatory variable, and the control variables are set as matching covariates. Samples in the control group with characteristics similar to those in the experimental group are selected using radius matching, and samples that differ too much from the experimental group are removed, with 211 samples ultimately retained. These samples are then used to estimate the DID model, and Table 4 shows the regression results. The regression results showed that the PSM-DID coefficients of the policy dummy variables were not significantly different from the baseline regression results, and the coefficients were all significantly positive when the control variables were gradually added, indicating that the CETP had a significant positive impact on the food industry’s EE and that the baseline regression results are robust.




4.2.2. Placebo Test


	(1)

	
Change in Policy Time







The core of the placebo test is to estimate the virtual treatment group or virtual policy time [80]. If the regression results of the estimators under different virtual methods are still significant, it indicates that the original estimation results are likely to be biased. To ensure that the changes in the food industry’s EE in the experimental provinces are caused by CETP implementation, a falsifiable test was conducted by changing the time of policy implementation. As the policy time advanced, the regression coefficient was not significant, indicating that the policy is effective, which inversely verifies the robustness of the results. The sample data after policy implementation were excluded, and then the DID model was estimated assuming policy implementation in 2006, 2008, and 2010. The results in Table 5 show that the coefficients of the policy dummy variables were all significant but negative, indicating that no other policies significantly improved the food industry’s EE before CETP implementation in 2013, further supporting the robustness of the previous findings.



	(2)

	
Virtual Processing Groups







The robustness test was carried out with a counterfactual hypothesis that the experimental group and the control group were randomly disrupted; the same number of groups were extracted as the new “experimental group” to analyse the effect of the CETP, so as to minimize the influence of other potential variables and accidental errors on the relationship between the DID and dependent variables, and the reliability analysis of the previous results could also be realized [84]. First, the experimental group was randomly selected among 30 provinces, with the others comprising the control group. Then, the DID model was used for estimations. This process was repeated 500 times. Table 6 shows the regression results. The policy dummy variable coefficients were not significant for models (1)–(3), which inversely supports that the placebo test was successful and the effects of the CETP obtained above are robust.





4.3. Heterogeneity Analysis


It can be seen from the results of the baseline regression analysis that the CETP can improve the EE in China’s food industry. However, due to the characteristics of different subsector types and the economic base and resource endowment of different regions, the effects of the CETP in different subsectors and different regions are different. Therefore, we further studied the CETP on EE in different subsectors and regions of China’s food industry.



4.3.1. Heterogeneity of Subsectors


As we all know, different subsectors in the food industry have different carbon emission levels and degrees to which they are affected by policies. Based on this difference, the CETP may have different impacts on the EE of different food subsectors in China. According to the criteria of the China Statistical Yearbook, the food industry is subdivided into four categories: agricultural and subsidiary food processing, food manufacturing, beverage manufacturing, and tobacco. The CETP’s effects on the EE of these four subsectors were examined, and Table 7 shows the regression results.



Among the four food industry subsectors, the CETP had the greatest impact on the EE of food manufacturing, followed by tobacco, whereas the effects on agricultural and subsidiary food processing and beverage manufacturing were not significant. Several factors could explain this phenomenon, including differences in baseline carbon emissions of the different subsectors [85], differences in complexity of the production processes of the different subsectors [86], differences in sensitivity to policy changes/implementation [87], and different degrees of funding adequacy for technological innovation [88]. The food manufacturing industry was the most affected by the policy because it involves large-scale production and commodity circulation, which leads to a larger carbon emission baseline and circulation, and therefore, a better policy effect. Because the baseline amount and the amount of change are large, the marginal effect of the policy is more obvious, which has been previously confirmed by other scholars [89,90]. Further, tobacco is an industry that is strongly controlled by administrative forces in China; it has a close relationship with China’s tax revenue and is strictly controlled by the government [91], so its policy response is also relatively better. For other subsectors, the effect of the CETP was not significant.




4.3.2. Heterogeneity of Regions


China has significant regional differences in factors such as economic development, geography and environmental awareness. Thus, the CETP’s effects may vary, and the regional heterogeneity in the CETP’s impact on the food industry’s EE was examined.



The experimental provinces under investigation were divided into three distinct geographic regions: eastern, central and western. Among the experimental provinces, Guangdong, Shanghai, Tianjin, and Beijing are in the eastern region of China; Hubei is in the central region; and Chongqing is in the western region. The heterogeneity of regions analysis used the PSM-DID model to avoid selection bias [81]. Table 8 shows the regression results. The policy dummy variables for the eastern region were significantly positive, while those for the central and western regions were not significant, indicating that the CETP’s effects on the food industry’s EE were significantly better in the eastern region than in the central and western regions. In the more developed eastern regions of China, the advanced nature of the food industry and the rapid response to policy adjustments have once again been confirmed in our results. These results show that there are significant geographic differences in the relationships investigated.



These results could be due to several reasons. First, the food industry’s energy costs are highest in eastern China. To maximize profits, food enterprises will pay more attention to investing in low-carbon technological innovation, and the influence of technological spillover allows energy-efficient enterprises to sell their excess carbon emission quotas on the CETM, thereby improving the regional EE. The reduction in carbon emissions brought about by technology innovation has been confirmed by previous scholars [92,93], and this key factor will also become an important reference for our mechanism analysis in the following text. Second, the eastern region has a more developed economy and better human capital, and better employees can improve the efficiency of resource use and reduce production costs; thus, food enterprises are more willing to shift to clean energy consumption, which significantly improves the EE. Human capital is also an important factor that influences environmental policies’ effects. On the one hand, higher-quality human capital has better environmental awareness, which makes them pay more attention to their own behaviour in the production process [94]. On the other hand, higher-quality human capital also represents a higher level of technology, which is more efficient in making full use of resources [95]. Third, the central and western regions have many enterprises with declining resources, relatively high energy consumption levels and energy costs and a serious outflow of labour and capital, leading to a lack of investment for energy innovation and making it difficult for the CETP to significantly influence the EE. It has been confirmed by many scholars that resource-dominated food enterprises in central and western China cannot produce efficiently due to the consumption of resources [96].





4.4. Mediating Mechanism


The analysis showed that the CETP significantly affected the EE of the food industry in China. The impact mechanism of the CETP was further examined, and the CETP was found to affect the food industry’s EE in two main ways. We introduced energy consumption structure and technological innovation as mediating variables to understand the complex relationship between changes in industrial structure and ecological sustainability in modern economic development.



4.4.1. Energy Consumption Structure


Burning coal produces 1.6 times and 1.2 times more carbon dioxide than burning natural gas or oil, respectively, whereas clean energy sources (e.g., solar, wind) do not release carbon dioxide [97]. Theoretically, the higher the proportion of coal consumption to total energy consumption, the higher the carbon emissions and the lower the EE. China’s food industry has long used coal as its main energy source, resulting in high carbon emissions that have exacerbated environmental problems [5,6,7,98]. Thus, adjusting the energy consumption structure can reduce the food industry’s carbon emissions and improve its EE.



CETP implementation increased the cost of using high-carbon sources, forcing the food industry to accelerate energy consumption structure upgrades and increase the proportion of clean energy consumption to keep the total carbon emissions within the quotas. Therefore, the CETP can internalize environmental costs and force the food industry to improve its energy consumption structure and reduce its carbon emission intensity, thereby enhancing EE.



Table 9 shows the results of the mechanism analysis of the CETP through the energy consumption structure. Model (1) presents the baseline regression results, model (2) examines the CETP’s effects on the food industry’s energy consumption structure, and model (3) examines the mediating mechanism of the CETP’s effects on the food industry’s EE after adding energy consumption structure.



The regression results of model (2) show that the coal consumption proportion of the food industry in the experimental areas significantly decreased by 6.3% on average, indicating that the CETP can effectively improve the food industry’s energy consumption structure. In model (3), the results show that the energy consumption structure coefficient was significantly negative, indicating that consumption structure improvement is conducive to improving the food industry’s EE. Moreover, the policy dummy variable coefficient remained significantly positive, indicating a mediating effect. The regression results indicate that the CETP critically improved the energy consumption structure to increase the food industry’s EE.



This conclusion is similar to those of previous studies [99,100], that is, improvement of the energy consumption structure can reduce carbon emissions and help improve environmental quality. Therefore, the optimization and adjustment of the energy structure is not only an important task for China’s energy development, but also an important part of ensuring energy security and achieving a carbon peak and carbon neutrality. Adjusting the energy structure means reducing the demand for and consumption of fossil energy resources, reducing the proportion of coal electricity, and vigorously developing new and renewable energy sources.




4.4.2. Technological Innovation


In addition, we also analysed the impact of the CETP on technological innovation, and we will discuss the role of technological innovation in the improvement process of EE in China food enterprises below. The Porter hypothesis suggests that appropriate environmental policies can enhance technological innovation [101,102]. As a type of environmental regulation policy, the CETP can theoretically help improve enterprises’ technological innovation. Technological innovation can increase the productivity of the food industry, improve the efficiency of resource and energy usage, and reduce carbon emissions at the same output level [95]. Therefore, the CETP can enhance EE by improving technological innovation.



Table 10 shows the results of the mechanism analysis of the CETP through technological innovation. Model (1) presents the baseline regression results, model (2) examines the CETP’s effects on technological innovation in the food industry, and model (3) examines the mediating mechanism of the CETP on the food industry’s EE after adding technological innovation.



The regression results of model (2) show that technological innovation in the food industry in experimental regions significantly increased by 25.1% on average, indicating that the CETP can effectively improve technological innovation in the food industry. In model (3), the results show that the technological innovation coefficient was significantly positive, indicating that an increase in technological innovation is conducive to improving the food industry’s EE. Moreover, the policy dummy variable coefficient remained significantly positive, indicating a mediating effect. The regression results indicate that improvements in technological innovation resulting from the CETP are an important method for increasing the food industry’s EE.



Enterprises are the main participants in social carbon emissions. In, the process of promoting carbon emission reduction, the EU and Japan insisted on mobilizing the enthusiasm of enterprises to participate in low-carbon technology innovation and have achieved positive results [103,104]. Therefore, encouraging food industries to rely on their characteristics to allocate and integrate green resources and vigorously implement the sustainable development of technological innovation can achieve the goal of improving EE.






5. Discussion


According to the results obtained from the analysis in this study, using the provincial panel data of China’s CETP, we found some characteristics of the food industry that are different from those found in previous studies, thus providing some new implications for the further promotion of this policy, the transformation of the food industry and the research on sustainable development.



Firstly, there is no doubt that the CETP is an effective policy, which has been deeply confirmed in China’s food industry, but its industry heterogeneity and regional heterogeneity deserve our attention. In the process of future policy implementation, policymakers should think about how to design policies according to different subsectors or according to different regions (that is, different levels of economic development), so as to achieve better results and give full play to the effectiveness of policies.



Secondly, with the environmental changes and the pressures of policy, food industries will inevitably face industrial transformation. In the face of policy requirements, enterprises should pay attention to their own energy consumption structure, consume less coal, and use more renewable energy sources to reduce energy consumption. In addition, enterprises should actively realize technological innovation, the use of the internet and artificial intelligence, foreign cooperation and other new means or new ideas to expand their business model, which can help them not only better respond to the requirements of the CETP, but also gain technological advantages, improve productivity and occupy an advanced position in the market.



Finally, sustainable development is an eternal topic, and the same is true for the CETP. After more than ten years of the pilot project, we have found that the CETP is effective, but this policy is still in the pilot stage, and it is far from enough; making it more popularized is the goal so that more regions and more countries can join in, in order to make sustainable development possible.




6. Conclusions and Policy Recommendations


6.1. Conclusions


To ensure sustainability across industries, China has pledged to peak its carbon emissions by 2030 to combat global warming, especially in its food sector. To achieve this goal, China has implemented a series of measures. The CETP is China’s recently launched market-based energy trading system. At present, there are few studies on the CETP, most of which are focused on the advantages of the economic benefits and details of policy implementation. The purpose of this study was to investigate the effect of the CETP on the EE of the Chinese food industry and to clarify its potential mechanism.



This study evaluated the food industry’s EE based on panel data from 30 provinces in China between 2003 and 2019, examined the differences between the experimental and non-experimental regions, empirically analysed whether the CETP has promoted the EE of the food industry, and conducted several robustness tests. In addition, the CETP’s heterogeneity effects across subsectors and regions were examined, and mediating mechanism models were used to study the impact pathways of the CETP’s effects on the food industry’s EE. The main findings are as follows.



	(1)

	
The CETP has had a significant effect on the EE of the food industry, resulting in an average increase of 38.3% in the experimental provinces compared with the non-experimental provinces. Moreover, these results remained consistent and robust even after a series of tests. Thus, China’s CETP has achieved preliminary success and provided experience for the construction of a national CETM.




	(2)

	
The CETP’s effects on the food industry’s EE have significant sectoral and regional heterogeneity. Regarding subsectors, the policy’s impact on the EE was significant for the food manufacturing and tobacco subsectors but was not significant for agricultural and subsidiary food processing and beverage manufacturing. Furthermore, the policy impact was more significant in the eastern region than in the central and western regions.




	(3)

	
In this study, a three-step mediating mechanism model was used to investigate the mediating role of energy consumption structure and technological innovation in China’s food industry. The CETP mainly promotes the food industry’s EE by upgrading its energy consumption structure and improving technological innovation. The results of the study showed that the implementation of the CETP had a significant impact on the optimization of the energy consumption structure by 6.3% and the promotion of technological innovation by 25.1%. CETP implementation increases the carbon emission costs of food enterprises and forces them to improve their energy consumption structure and reduce their coal consumption and carbon emissions. CETP implementation can also guide food enterprises to improve their technological innovation and promote the sustainable development of the food industry while reducing carbon emissions.







In summary, the implementation of the CETP as a pilot environmental regulatory policy has proven its effectiveness in contributing to the achievement of carbon reduction targets and improving the sustainability of China’s food industry.




6.2. Policy Recommendations


Based on the research conclusions, the following recommendations are proposed for promoting the CETP.



	(1)

	
The government should classify and precisely implement policies for different regions. The differences in economic development, population structure, urbanization, technology levels and other factors should be fully considered. When distributing carbon quotas, historical cumulative carbon emissions and environmental endowments should be considered. In the central and western regions, where the impact of the CETP is less obvious, the government can take two approaches. First, it should strengthen the sustainability of food enterprises by strengthening the supervision of high carbon-emitting food enterprises, as well as improving the environmental awareness of enterprises, so that enterprises choose cleaner production methods. Second, governments can enhance sustainable development by introducing environmentally friendly innovative technologies, such as carbon recycling and carbon substitution with clean energy, and support initiatives such as clean energy infrastructure and low-carbon transport construction for food enterprises.




	(2)

	
Technological innovation should be used as a driving force to promote the low-carbon transformation of the food industry. The mechanism analysis shows that the CETP can improve the EE of China’s food industry by promoting technological innovation. Therefore, CETP design should focus on stimulating food enterprises’ technological innovation vitality and reducing their emission costs through low-carbon technology, thereby enhancing the EE. Governments can reduce their dependence on fossil fuels by transforming the food industry, thereby changing their energy structure. We should also establish a technological innovation platform focusing on sustainability technologies to close the gap between traditional food industries and sustainable technologies, addressing issues such as overcapacity and inefficient use of resources. The continuous improvement and modernization of traditional industries should be promoted to gradually change the backward industrial model with high pollution levels. In terms of technology, the government should increase investment in scientific research and give policy support to environmental sustainability technologies such as carbon monitoring, carbon capture and storage, and carbon offset technologies.




	(3)

	
The national CETM and multi-dimensional sustainable carbon emissions trading system need to be improved. China’s CETP is working well, with significant improvements made in the food industry’s EE in the experimental regions. Given the impact of the CETP on the EE of the food industry and its regional spillover effects, national strategies to promote carbon sustainability are critical. More regions and industries need to be included. In building a national CETM, the government should learn from the experiences of the experimental regions and improve the carbon trading mechanism, refine carbon quotas and control carbon prices by adjusting carbon quotas. Additionally, the regional environmental impact of the food industry should be promoted using financial incentives. These methods will promote the sustainability of the food industry and integrate the development goals of the food industry and regions.







The conclusions of this study provide evidence for the improvement of the food industry’s EE by the CETP, but there is still room for further research at the macro level. According to existing relevant studies, the CETP will cause pollution transfer to neighbouring regions in the short term, resulting in increased pressure on neighbouring regions to reduce their carbon emissions. This effect deserves specific consideration in future studies, so as to better sort out the “net effect” of the CETP. At the same time, the technology spillover effect will promote the high-quality development of the neighbouring regions’ food industries. Therefore, the balance of transfer of carbon emissions and the spillover effect of technology are worthy of investigation. In addition, considering the limitations of data acquisition, the provincial panel data of the food industry used in this research can also be further refined to obtain more accurate policy effects to guide the implementation of regional policies.
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Figure 1. Theoretical model diagram. 
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Figure 2. (a) Trends in carbon emissions of the food industry; (b) trends in environmental efficiency of the food industry; (c) trends in resource efficiency of the food industry; (d) trends in ecological efficiency of the food industry. 
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Figure 3. Parallel trend test. 
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Table 1. Regional carbon emissions trading market conditions.






Table 1. Regional carbon emissions trading market conditions.





	Region
	Threshold

(Per Year)
	Quota Method
	Distribution Method
	Penalty





	Shenzhen
	3000 Mg CO2
	Reference line
	Free and paid
	Repay the excess emissions and pay a penalty equal to 3 times the carbon price



	Beijing
	5000 Mg CO2
	Reference line

Historical intensity

Historical discharge
	Free
	Pay a penalty equal to 3–5 times the carbon price according to the excess carbon emissions



	Shanghai
	20,000 Mg CO2
	Reference line

Historical intensity

Historical discharge
	Free and paid bidding
	Pay off the quota and impose a penalty of CNY 50,000–100,000



	Guangdong
	20,000 Mg CO2 or

10,000 Mg standard coal
	Reference line

Historical intensity

Historical discharge
	Free and paid bidding
	An amount twice that of the not fully paid quota will be deducted the next year, and a CNY 50,000 penalty will be imposed



	Tianjin
	20,000 Mg CO2
	Reference line

Historical discharge
	Free
	An amount twice the difference will be deducted from the quota distribution the next year



	Hubei
	10,000 Mg standard coal
	Reference line

Historical discharge
	Free
	Pay a penalty for the excess equal to 1–3 times the carbon price, but not more than CNY 150,000, and it shall be doubly deducted from the quota distribution the next year



	Chongqing
	20,000 Mg CO2 or

10,000 Mg standard coal
	Historical discharge
	Free
	The penalty shall be 3 times the trading price of the quota price 1 month before the expiration of the settlement period







Data source: Public information from provincial ecology and environment bureaus and CETMs.













 





Table 2. Variables and descriptive statistics.
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	Variable
	Meaning
	Unit
	Number
	Average
	S.D.
	Min
	Max





	Gross industrial output value
	Annual gross industrial output value of the food industry
	CNY 100 million
	467
	2127
	2630
	9.680
	17,364



	Carbon

emissions
	Annual carbon emissions of food industry
	Megaton
	510
	1.551
	1.761
	0
	13



	Energy

consumption
	Annual energy consumption of food industry
	Mg of standard coal
	510
	241.6
	151.3
	14.41
	744.2



	GDP

per capita
	GDP per capita
	CNY
	510
	39,141
	27,349
	3603
	164,220



	Proportion of secondary industry
	Proportion of secondary industries in GDP
	%
	510
	45.73
	8.339
	16.20
	61.50



	Proportion of tertiary industry
	Proportion of tertiary industries in GDP
	%
	510
	43.02
	9.349
	28.60
	83.50



	Urbanization rate
	Proportion of urban population in resident population
	%
	510
	52.82
	14.28
	24.77
	89.60



	Proportion of older adult population
	Proportion of population aged 65 and above in working-age population
	%
	510
	13.22
	3.007
	7.440
	23.82



	Number of

patents
	Number of patent applications
	Pcs
	510
	32,430
	60,524
	70
	527,390



	Energy

structure
	Proportion of coal resources consumed in total energy consumption
	%
	482
	0.499
	0.189
	0.010
	0.980



	Technological innovation level
	R&D expenditure
	CNY 100 million
	510
	9.083
	15.42
	0.004
	92.15










 





Table 3. Baseline regression.






Table 3. Baseline regression.





	

	
Explained Variable: Food Industry’s EE




	
Explanatory Variable

	
(1)

	
(2)

	
(3)

	
(4)

	
(5)






	
Policy dummy variables

	
0.383 **

(0.164)

	
0.407 **

(0.161)

	
0.366 ***

(0.112)

	
0.370 **

(0.154)

	
0.383 **

(0.156)




	
GDP per capita

	

	
−0.207 ***

(0.074)

	
0.113

(0.092)

	
−0.396 ***

(0.010)

	
−0.414 ***

(0.100)




	
Proportion of secondary industries in GDP

	

	
0.022 **

(0.009)

	
0.007

(0.010)

	
0.015

(0.009)

	
0.014

(0.009)




	
Proportion of tertiary industries in GDP

	

	
0.004

(0.009)

	
0.018 *

(0.009)

	
−0.002

(0.010)

	
−0.002

(0.010)




	
Number of patent applications

	

	

	
0.309 ***

(0.029)

	
0.127 ***

(0.028)

	
0.146 ***

(0.031)




	
Urbanization rate

	

	

	

	
0.003

(0.005)

	
0.004

(0.005)




	
Proportion of older population

	

	

	

	

	
−0.018

(0.012)




	
Time

	
0.431 ***

(0.088)

	
0.703 ***

(0.108)

	
0.360 ***

(0.091)

	
0.678 ***

(0.106)

	
0.695 ***

(0.106)




	
Treated

	
−0.154 **

(0.073)

	
0.017

(0.085)

	
−0.561 ***

(0.089)

	
−0.054

(0.095)

	
−0.041

(0.096)




	
Sample number

	
448

	
448

	
448

	
448

	
448




	
R2

	
0.135

	
0.181

	
0.578

	
0.212

	
0.216








Note: *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively. Brackets indicate robust standard errors.













 





Table 4. Results of the PSM-DID.
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Explained Variable: Food Industry’s EE




	
Explanatory Variable

	
(1)

	
(2)

	
(3)

	
(4)

	
(5)






	
Policy dummy variables

	
0.345 *

(0.195)

	
0.352 *

(0.197)

	
0.288 **

(0.138)

	
0.334 *

(0.187)

	
0.345 *

(0.180)




	
GDP per capita

	

	
−0.063

(0.104)

	
0.120

(0.142)

	
−0.651 ***

(0.193)

	
−0.526 **

(0.204)




	
Proportion of secondary industries in GDP

	

	
−0.003

(0.012)

	
0.022

(0.016)

	
−0.021 *

(0.012)

	
−0.021 *

(0.012)




	
Proportion of tertiary industries in GDP

	

	
−0.027

(0.017)

	
0.027 *

(0.015)

	
−0.047 **

(0.018)

	
−0.044 **

(0.018)




	
Number of patent applications

	

	

	
0.332 ***

(0.053)

	
0.259 ***

(0.062)

	
0.253 ***

(0.064)




	
Urbanization rate

	

	

	

	
0.019 **

(0.008)

	
0.012

(0.008)




	
Proportion of older adult population

	

	

	

	

	
−0.040 ***

(0.015)




	
Time

	
0.591 ***

(0.107)

	
0.883 ***

(0.175)

	
0.424 ***

(0.125)

	
0.958 ***

(0.169)

	
0.972 ***

(0.163)




	
Treated

	
−0.087

(0.099)

	
0.027

(0.097)

	
−0.277 ***

(0.106)

	
−0.031

(0.099)

	
−0.009

(0.103)




	
Sample number

	
211

	
211

	
211

	
211

	
211




	
R2

	
0.265

	
0.306

	
0.690

	
0.373

	
0.393








Note: *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively. Brackets indicate robust standard errors.













 





Table 5. Results of changing policy time.






Table 5. Results of changing policy time.





	

	
Explained Variable: Food Industry’s EE




	
Explanatory Variable

	
2006

	
2008

	
2010






	
Policy dummy variables

	
−0.268 **

(0.109)

	
−0.381 ***

(0.126)

	
−0.525 ***

(0.180)




	
GDP per capita

	
0.069

(0.133)

	
0.118

(0.150)

	
−0.417 ***

(0.118)




	
Proportion of secondary industries in GDP

	
−0.012

(0.007)

	
−0.016 **

(0.008)

	
−0.006

(0.007)




	
Proportion of tertiary industries in GDP

	
−0.023 ***

(0.009)

	
−0.026 ***

(0.009)

	
−0.021 **

(0.009)




	
Number of patent applications

	
0.008

(0.035)

	
0.017

(0.035)

	
0.019

(0.033)




	
Urbanization rate

	
0.002

(0.005)

	
0.001

(0.006)

	
0.017 ***

(0.005)




	
Proportion of older adult population

	
−0.014

(0.014)

	
−0.021

(0.013)

	
−0.011

(0.013)




	
Time

	
−0.166 **

(0.083)

	
−0.151

(0.099)

	
0.407 ***

(0.096)




	
Treated

	
0.174 **

(0.086)

	
0.201 **

(0.082)

	
0.111

(0.083)




	
Sample number

	
311

	
311

	
311




	
R2

	
0.080

	
0.093

	
0.121








Note: ** and *** indicate significance at the 5% and 1% levels, respectively. Brackets indicate robust standard errors.













 





Table 6. Results of virtual processing groups.
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Explained Variable: Food Industry’s EE




	
Explanatory Variable

	
(1)

	
(2)

	
(3)






	
Policy dummy variables

	
−0.119

(0.239)

	
−0.016

(0.185)

	
0.117

(0.179)




	
GDP per capita

	
−0.444 ***

(0.987)

	
−0.425 ***

(0.104)

	
−0.428 ***

(0.097)




	
Proportion of secondary industries in GDP

	
0.015

(0.009)

	
0.016 *

(0.010)

	
0.015

(0.009)




	
Proportion of tertiary industries in GDP

	
−0.001

(0.010)

	
0.004

(0.011)

	
0.006

(0.010)




	
Number of patent applications

	
0.175 ***

(0.033)

	
0.152 ***

(0.034)

	
0.160 ***

(0.032)




	
Urbanization rate

	
0.004

(0.004)

	
0.002

(0.005)

	
−0.001

(0.005)




	
Proportion of older adult population

	
−0.010

(0.013)

	
−0.011

(0.014)

	
−0.016

(0.012)




	
Time

	
0.763 ***

(0.093)

	
0.753 ***

(0.107)

	
0.744 ***

(0.106)




	
Treated

	
−0.196 **

(0.079)

	
0.107

(0.086)

	
−0.254 ***

(0.090)




	
Sample number

	
448

	
448

	
448




	
R2

	
0.217

	
0.205

	
0.211








Note: *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively. Brackets indicate robust standard errors.













 





Table 7. Heterogeneity of the subsectors.
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Explained Variable: EE of the Subsectors in the Food Industry




	
Explanatory Variable

	
Agricultural and

Subsidiary Food Processing

	
Food

Manufacturing

	
Beverage

Manufacturing

	
Tobacco






	
Policy dummy variables

	
0.133

(0.161)

	
0.660 ***

(0.211)

	
0.205

(0.207)

	
0.397 *

(0.219)




	
GDP per capita

	
−0.301 *

(0.162)

	
−0.629 ***

(0.096)

	
−0.189 **

(0.092)

	
−0.213

(0.184)




	
Proportion of secondary industries in GDP

	
−0.012

(0.008)

	
0.025 ***

(0.008)

	
−0.008

(0.009)

	
0.065 ***

(0.018)




	
Proportion of tertiary industries in GDP

	
−0.028 ***

(0.010)

	
0.027 ***

(0.009)

	
−0.023 **

(0.011)

	
0.097 ***

(0.022)




	
Number of patent applications

	
0.153 ***

(0.045)

	
0.195 ***

(0.037)

	
0.045

(0.034)

	
0.148 *

(0.076)




	
Urbanization rate

	
0.010

(0.006)

	
0.004

(0.005)

	
−0.000

(0.006)

	
−0.023 **

(0.011)




	
Proportion of older adult population

	
0.002

(0.014)

	
−0.067 ***

(0.016)

	
0.003

(0.016)

	
−0.080 ***

(0.024)




	
Time

	
0.546 ***

(0.134)

	
0.606 ***

(0.099)

	
0.633 ***

(0.117)

	
0.154

(0.218)




	
Treated

	
−0.131

(0.119)

	
−0.114

(0.120)

	
0.164

(0.105)

	
−0.453 ***

(0.149)




	
Sample number

	
417

	
439

	
423

	
168




	
R2

	
0.151

	
0.240

	
0.138

	
0.216








Note: *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively. Brackets indicate robust standard errors.













 





Table 8. Heterogeneity of the regions.
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Explained Variable: Food Industry’s EE in Different Regions




	
Explanatory Variable

	
Eastern

	
Central

	
Western






	
Policy dummy variables

	
1.497 **

(0.667)

	
0.344

(0.209)

	
−0.264

(0.205)




	
GDP per capita

	
−0.401 ***

(0.104)

	
−0.861 ***

(0.265)

	
−0.745 ***

(0.226)




	
Proportion of secondary industries in GDP

	
−0.597

(0.444)

	
−0.028

(0.024)

	
0.017

(0.012)




	
Proportion of tertiary industries in GDP

	
−0.003

(0.034)

	
−0.075 **

(0.030)

	
0.022

(0.021)




	
Number of patent applications

	
−0.022

(0.044)

	
0.426 ***

(0.102)

	
0.125 *

(0.073)




	
Urbanization rate

	
0.368 ***

(0.092)

	
0.022 *

(0.012)

	
0.027 **

(0.011)




	
Proportion of older adult population

	
−0.007

(0.028)

	
−0.033

(0.022)

	
−0.058 **

(0.025)




	
Time

	
0.760 ***

(0.239)

	
1.353 ***

(0.171)

	
0.628 ***

(0.172)




	
Treated

	
−0.470

(0.400)

	
0.277 **

(0.115)

	
0.036

(0.158)




	
Sample number

	
48

	
128

	
124




	
R2

	
0.445

	
0.542

	
0.238








Note: *, **, and *** indicate significance at the 10%, 5%, and 1% levels, respectively. Brackets indicate robust standard errors.













 





Table 9. Mediating mechanism of energy consumption structure.






Table 9. Mediating mechanism of energy consumption structure.





	

	
(1)

	
(2)

	
(3)




	
Explanatory Variable

	
EE of Food Industry

	
Energy Consumption Structure

	
EE of Food Industry






	
Policy dummy variables

	
0.383 **

(0.156)

	
−0.063 **

(0.028)

	
0.386 **

(0.162)




	
Energy consumption structure

	

	

	
−0.325 *

(0.171)




	
Control variables

	
Y

	
Y

	
Y




	
Time-fixed effect

	
Y

	
Y

	
Y




	
Region-fixed effect

	
Y

	
Y

	
Y




	
Sample number

	
448

	
510

	
448




	
R2

	
0.216

	
0.393

	
0.187








Note: * and ** indicate significance at the 10% and 5% levels, respectively. Brackets indicate robust standard errors.













 





Table 10. Mediating mechanism of technological innovation.






Table 10. Mediating mechanism of technological innovation.





	

	
(1)

	
(2)

	
(3)




	
Explanatory Variable

	
EE of Food Industry

	
Energy Consumption Structure

	
EE of Food Industry






	
Policy dummy variables

	
0.383 **

(0.156)

	
0.251 ***

(0.080)

	
0.367 **

(0.163)




	
Energy consumption structure

	

	

	
0.089 **

(0.035)




	
Control variables

	
Y

	
Y

	
Y




	
Time-fixed effect

	
Y

	
Y

	
Y




	
Region-fixed effect

	
Y

	
Y

	
Y




	
Sample number

	
448

	
510

	
448




	
R2

	
0.216

	
0.943

	
0.192








Note: ** and *** indicate significance at the 5% and 1% levels, respectively. Brackets indicate robust standard errors.
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