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Promoting the improvement of agricultural ecological efficiency (AEE) under the “dual carbon” goals is an important way to drive the high-quality development of the Yangtze River Economic Belt (YEB). This study, based on panel data from 11 provinces and cities along the YEB from 2008 to 2023, first accounts for agricultural carbon sources and sinks, then incorporates them into a non-desired output super-efficiency SBM model to measure the AEE of the YEB, and finally uses the Tobit model to analyze the factors influencing AEE. The study found that (1) the net agricultural carbon sink of the YEB increased from 108.160 million tons in 2008 to 142.890 million tons in 2023, and the net agricultural carbon sinks of Anhui, Jiangsu, and Sichuan ranked among the top three in the basin. (2) The AEE of the YEB gradually increases from 0.625 in 2008 to 1.024 in 2023, and the AEE accelerates after 2020; In 2008, most provinces and cities were primarily located in areas characterized by low surplus and low efficiency, but by 2023, they had predominantly transitioned to areas with high surplus and high efficiency, along with some remaining in low-surplus, high-efficiency zones. In terms of the type of AEE, in 2008, provinces and municipalities were mainly concentrated in low-surplus low-efficiency zones, low-surplus low-efficiency zones, and high-surplus low-efficiency zones, while in 2023, provinces and municipalities were primarily focused in high-surplus high-efficiency zones and low-surplus high-efficiency zones. (3) In terms of influencing factors, the living standard of farmers, the level of financial support for agriculture, and the level of agricultural marketization will promote the improvement of AEE, while the level of farmland water conservancy facilities, the rate of disaster, and the level of urbanization will hinder the improvement of AEE. Therefore, this paper proposes optimizing the structure of agricultural production factors, implementing differentiated low-carbon agricultural development strategies, and strengthening governmental collaborative governance. This study aims to offer a fresh viewpoint on how to better assess AEE, provide a Chinese approach to achieving agricultural carbon neutrality in global river basins, and suggest practical steps to reach the “Carbon Peak and Carbon Neutrality” goal in the YEB.
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1 Introduction

Global climate change and resource constraints have emerged as significant challenges to the sustainable development of human society, while the proposal of the “carbon peak and carbon neutral” goal represents a crucial step toward facilitating a green and low-carbon transition for all countries worldwide. As the world’s largest developing country and carbon emitter, China’s realization of the dual-carbon goal is not only related to its own sustainable development but also a significant contribution to global climate governance. The agricultural industry is not only the foundation of the national economy but also an important source of greenhouse gas emissions. China has made world-renowned achievements in agriculture recently, providing strong support for promoting rural revitalization (Deng and Gibson, 2019). However, the development model of high input, pollution and low efficiency in traditional agricultural production (Liu et al., 2020) has exacerbated ecological problems such as soil degradation and water pollution (Bernard et al., 2023; Zhang et al., 2024), which has seriously constrained the sustainable development of agriculture.

Against this background, “eco-efficiency,” as a core concept for measuring the environmental friendliness of economic activities, has gradually attracted the attention of academics and policymakers. The concept was first proposed by Schaltegger and Sturm, who defined it as the ratio of economic growth to environmental impacts, emphasizing the improvement of economic output by reducing resource inputs and environmental burdens (Schaltegger and Sturm, 1990). In agriculture, AEE has been further expanded as the ability of agricultural production to maximize economic output with given inputs while minimizing resource consumption and environmental pollution (Orea and Wall, 2017). The term provides a scientific basis for measuring the economic and environmental benefits of agricultural activities and is an important tool for realizing green and low-carbon agricultural development.

As an important engine of China’s economic growth, the YEB has shown vigorous agricultural development, with its labor productivity, land output rate, mechanization and facilitation levels leading the country and contributing as much as 43% of agricultural value added with 33% of the country’s arable land (Jin et al., 2018). However, the rapid economic growth has also inevitably triggered problems such as environmental pollution and ecological damage, leading to a worrying ecological and environmental situation (Chen et al., 2019). In the context of strengthening the agro-ecological environmental protection of the YEB, systematically measuring the AEE of the YEB, analyzing its changing characteristics, and dissecting its key factors are of great value for improving the AEE of the YEB and alleviating the pressure of economic growth and ecological environmental protection. To this end, this paper focuses on the following core questions: What are the characteristics of agricultural carbon emissions, carbon sinks, and net carbon sinks development in the YEB? What are the differences in the levels of AEE in the YEB under the three assessment frameworks of “traditional,” “low-carbon,” and “green”? What are the characteristics of the spatial and temporal evolution of AEE in the YEB, and what are their regional differences? What factors lead to changes in AEE in the YEB?


1.1 Literature review

Research on AEE has predominantly focused on three key areas: first, the evaluation methods for AEE. Early techniques focused primarily on the ratio between economic value and environmental impact. Although the ratio method indicates the environmental impact of economic development to some extent, it overlooks the input side and fails to comprehensively represent the entire agricultural production process. As a result, this method gradually fell out of favor. Stochastic frontier analysis (Farrell, 1957) and the life-cycle approach (Pan et al., 2013) each have limitations in addressing multi-output problems or cross-regional comparisons, despite their distinctiveness. Currently, Data Envelopment Analysis is widely used for its objectivity, effectively avoiding the advantages of subjective setting of weight settings (Huang et al., 2018; Xiong et al., 2020). The integrated benefits of ecosystems and unexpected outputs in agricultural production, however, are not fully taken into account by the traditional DEA model. To overcome this shortcoming, Tone (2001) proposed the SBM model of undesired outputs, which significantly improves the scientific validity and objectivity of the assessment results by incorporating negative externality outputs (e.g., carbon emissions).

Second, the evaluation of constructing an AEE indicator system: a reasonable indicator system is the basis of AEE assessment. Several aspects, such as input indicators, output indicators, and externality indicators, contribute to the construction of the AEE indicator system (Andersen and Petersen, 1993; Quah, 1993). In choosing input indicators, researchers usually look at small inputs like fertilizers, pesticides, and agricultural films, while also taking into account larger factors, such as the number of machines used, average income, how much agriculture is commercialized, the rate of disasters, and the level of financial support for farming. In the selection of desired and non-desired output indicators, scholars differ in their research focus. Many studies utilize provincial panel data, identifying agricultural carbon emissions or agricultural surface pollution as non-desired outputs (Pishgar-Komleh et al., 2021; Ji and Hoti, 2022; Wu et al., 2022; Zhuang et al., 2021; Cecchini et al., 2018). In contrast, only a few studies have examined positive externalities of agricultural production beyond economic outputs (Rosano Peña et al., 2018; Wang et al., 2022), and even fewer focus specifically on agricultural carbon sinks. However, indicator systems that only consider negative environmental externalities reduce the comprehensiveness and accuracy of agricultural efficiency assessments (Cui et al., 2022).

Third, we investigate the factors that influence AEE. Analyzing the driving factors of AEE can effectively and scientifically explore pathways to improve agricultural economic efficiency (Xie et al., 2018). In analyzing the driving factors of AEE, panel data regression models are often employed, incorporating various factors, such as technological innovation, policy support, and environmental changes. People widely use the Tobit model due to its capacity to manage limited dependent variables. For example, Chen et al. (2023) used the Tobit model to analyze the impact of China’s urbanization composite index and indicators on AEE in 30 provinces and cities from 2009 to 2018, and proposed targeted measures to solve the problem.

The existing studies have achieved rich results, but there are still some shortcomings. (1) Most existing studies focus on the national (Gancone et al., 2017; Workneh and Kumar, 2023), provincial (Yan et al., 2020), or municipal (Rosano-Peña et al., 2020; Yang et al., 2021) levels, with fewer exploring the differential characteristics of AEE in specific regional contexts; (2) Agricultural production possesses dual attributes as both a carbon source and a carbon sink, yet most existing literature only considers the negative impact of agricultural carbon emissions while neglecting the significant value of positive ecological externalities in assessing AEE. (2) Agricultural production has the dual attributes of carbon source and sink, and most of the existing literature only considers the negative role of agricultural carbon emissions, ignoring the key value of positive ecological externality outputs in assessing AEE.



1.2 Research purpose and contribution

In view of this, this paper takes China’s YEB as the research object, and based on the panel data of each province and city from 2008 to 2023, based on the measurement of agricultural carbon sources and sinks and the revelation of the carbon balance characteristics of agricultural production, it adopts the Super-SBM model to accurately measure AEE and compare the traditional AEE, low-carbon AEE and green AEE, and to reveal the characteristics and change trends of low-carbon efficiency of green agriculture in each province in the domain. On this basis, the Tobit regression model was used to further examine the main drivers of the AEE in the region, with a view to providing data references and a decision-making basis for improving the AEE of the YEB, narrowing the gap between the AEE in the region, promoting the high-quality development of agriculture, and realizing the goal of “double-carbon.”

The contributions of this study are: First, it expands the assessment framework of AEE, incorporates agricultural carbon sinks into the evaluation system, and constructs a multi-dimensional analysis framework covering resource utilization, environmental impact and economic benefits, which is more in line with the nature of agro-ecological system’s balance of “carbon source-sink.” Secondly, the study reveals the spatial and temporal characteristics of AEE in the YEB and identifies the strengths and weaknesses of its upstream, midstream, and downstream regions, providing data support for optimizing agricultural resource allocation. Third, the research results can provide a reference for other regions and agricultural agglomerations to explore the path of low-carbon agriculture enhancement and achieve the carbon-neutral goal.

The following section outlines the structure of the remainder of this paper. Chapter 2: Constructing the research methodology and clarifying the data sources. Chapter 3: reports and analyzes the empirical results, including study of agricultural net carbon, AEE, and influencing factors. Chapter 4: Provides an in-depth discussion of the empirical results. Chapter 5: Contains conclusions, recommendations, and directions for further research.




2 Methodology


2.1 Research area

The YEB is a major economic region and an essential ecological security barrier in China (Zhang et al., 2024). It serves as a key platform for sustainable development while playing a crucial role in ensuring national ecological security. It fulfills multiple functions, including food production, water conservation, soil preservation, and carbon sequestration. The YEB consists of three main development areas: the upstream region (Chongqing, Sichuan, Yunnan, and Guizhou), the midstream region (Hubei, Hunan, and Jiangxi), and the downstream region (Shanghai, Jiangsu, Zhejiang, and Anhui). To create a safe ecological barrier for the YEB, the State issued the Outline of the Development Plan for the YEB in 2016, which clearly stated the need to advance agricultural modernization and improve the ecological environment of the Yangtze River Basin. In 2018, the central government further proposed that the YEB should adhere to the principles of ecological priority and green development, with the transformation of agricultural production to low-carbon models being a key initiative to implement these principles. Against this background, the provinces along the Yangtze River are actively promoting the transformation of agricultural production toward green development and implementing several initiatives to optimize the structure of agricultural production. The study aims to analyze the current situation and factors affecting the agroecological development of the YEB, which is important for further improving the overall competitiveness of agriculture in the region and maintaining regional ecological security. It will also provide replicable experiences for other major agricultural production areas and help achieve the ambitious goals of carbon peaking and carbon neutrality (Figure 1).
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FIGURE 1
 The geographic location of the Yangtze River Economic Belt display map.




2.2 Data sources

This study employs panel data from provinces and cities in the YEB from 2008 to 2023 to conduct a rigorous and effective evaluation of the region’s AEE. Additionally, the study analyzes the underlying causes of efficiency disparities across provinces and cities and offers insights into the future trajectory of low-carbon agriculture in the region. The data presented in this research are derived from the China Statistical Yearbook (2007–2023) and the statistical yearbooks of provinces and cities within the YEB. Some of the missing values were filled in using interpolation. Missing data for some years are made up by linear interpolation.



2.3 Research methodology


2.3.1 Estimation of agricultural net carbon sink in the YEB


2.3.1.1 Estimation of agricultural carbon emissions

Agricultural production activities contribute significantly to carbon emissions (Dubey and Lal, 2009). In this study, carbon emissions are calculated using the emission factor approach, with a focus on three primary sources of agricultural carbon emissions: agricultural inputs, rice cultivation, and livestock breeding. Carbon emissions from agricultural inputs are calculated based on the use of fertilizers, pesticides, plastic films, diesel fuel, land tillage, and the area of effective irrigation. Considering that the YEB is a significant rice-growing area in China, methane (CH4) emissions from rice paddies are identified as a separate carbon source in this study. The study also considers carbon emissions from livestock farming, focusing on five animal species: pigs, cattle, sheep, and poultry. The carbon emission factors for these sources are derived from the author’s previous research (Liu et al., 2022).
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The emissions for the above indicators are converted into carbon equivalent using the following method: (1 t CH4 = 6.82 t C, 1 t N2O = 81.27 t C).



2.3.1.2 Estimation of agricultural carbon sequestration

This paper focuses on agricultural carbon sequestration, which means the carbon captured during farming, rather than the broader studies on forestry and soil carbon sequestration that look at ecosystem management and long-term changes. Crops, through photosynthesis, capture carbon from the air and convert it into carbohydrates, which they absorb and utilize, thus constituting agricultural carbon sequestration (Zhang et al., 2024). The level of carbon sequestration depends on crop yield. The greater the crop yield, the stronger the carbon absorption capacity, and hence, the higher the level of carbon sequestration. Conversely, lower yields correspond to lower carbon sequestration levels. Based on relevant studies, the selected food crops in this paper include rice, wheat, maize, tubers, and legumes, while the economic crops include oilseed plants, sugarcane, and vegetables. Carbon sequestration estimates are made for each of these crops. The economic coefficients and carbon sequestration rates for major crops are sourced from the “Provincial Greenhouse Gas Inventory Compilation Guidelines.” The formula for carbon sequestration estimation is as follows (Xiong et al., 2020):
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In the Equation 2, 
C
 represents the agricultural carbon sequestration amount, 
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 denotes the carbon sequestration for the i-th crop type, 
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 refers to the carbon absorption rate of the i-th crop type, 
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 represents the moisture content of the harvested portion of the i-th crop, 
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 indicates the root-to-crown ratio of the i-th crop, and 
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 is the economic coefficient of the i-th crop.



2.3.1.3 Calculation of agricultural net carbon sequestration

In this study, agricultural net carbon sequestration refers to the difference between the carbon sequestration generated by agricultural production activities and the carbon emissions from agriculture. The formula is as follows:



C
n

=

C
s

−

C
t

      (3)



C
t

=

C
m

+

C
r

+

C
b

      (4)

In the Equations 3, 4: 

C
n

 represents the total agricultural net carbon sequestration, 
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s

 represents the total carbon sequestration from agricultural production, 
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 represents the total carbon emissions from agricultural production, 
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 represent the carbon emissions from agricultural input materials, rice cultivation, and livestock farming, respectively.




2.3.2 AEE in the YEB


2.3.2.1 Super-efficiency SBM model

The DEA model is a method to judge the relative efficiency among different individuals (Charnes et al., 1978). The traditional DEA (Data Envelopment Analysis) model has trouble telling apart different decision-making units that all have the same efficiency score of 1, and it also has limits when analyzing the factors that influence efficiency. To enhance the discriminative power of the model, Tone (2001) further developed the Super-efficiency SBM model, which incorporates slack variables into the objective function, effectively solving the problem of tied rankings (Zhang and Cai, 2024). This model allows for a more precise evaluation of the ecological efficiency optimization across provinces and municipalities in the YEB. This study focuses on the AEE of the YEB. Given that agricultural production has the dual attributes of economic benefits and environmental impacts (Fan et al., 2024), the traditional data envelopment analysis is unable to effectively deal with undesired outputs, such as agricultural carbon emissions (Huang and Wang, 2020), and the GML index is unable to analyze the efficiency components in a specific period (Li and Hu, 2025). The super-efficient SBM model can solve the above problems and better measure the resource efficiency and environmental cost of production activities, which fits the needs of assessing the AEE of the YEB. Accordingly, in this study, we consider agricultural gross output value and agricultural carbon sequestration as desirable output indicators, while agricultural carbon emissions are treated as undesirable outputs. The Super-SBM model is then employed to conduct an accurate assessment of AEE in the YEB. The specific formula is as follows:
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2.3.2.2 Selection of variables

AEE reflects the relationship between agricultural economic growth, resource conservation, and environmental protection. Based on economic growth theory and the specific characteristics of the agricultural ecosystem in the YEB, this study incorporates the concept of agricultural low-carbon development into the AEE framework. In this study and with reference to related studies (Gancone et al., 2017; He and Liu, 2024; Ji and Jiang, 2024), an AEE evaluation system for the YEB was constructed based on the principles of availability, authenticity, and representativeness in terms of production inputs, desired outputs, and non-desired outputs of agriculture (Table 1).


TABLE 1 Selection and explanation of variables.


	Primary indicator
	Specific indicator
	Variable
	Unit

 

 	Input indicators 	labor input 	Agricultural workforce 	Ten thousand persons


 	Land input 	Cropping area 	Thousand hectares


 	Water resource input 	Effective irrigated area 	Thousand hectares


 	Machinery input 	Agricultural diesel use 	Ten thousand tons


 	Fertilizer input 	Fertilizer usage 	Ten thousand tons


 	Pesticide input 	Pesticide usage 	Ten thousand tons


 	Agricultural film input 	Agricultural plastic film usage 	Ten thousand tons


 	Desirable outputs 	Total agricultural output 	Total agricultural output value 	Billions CNY


 	Agricultural carbon sequestration 	Total agricultural carbon sequestration 	Ten thousand tons


 	Undesirable outputs 	Agricultural carbon emissions 	Total carbon emissions from agricultural inputs, rice cultivation, and livestock farming 	Ten thousand tons




 

In terms of input indicators, the labor force is the basis of agricultural production, characterized by the number of employees in the primary industry; land is the basis of agricultural production activities, characterized by the total sown area of crops; water resources is an important condition for agricultural production, characterized by the effective irrigated area; agricultural machinery is the main force of agricultural production, characterized by the total power of agricultural machinery; and agricultural means of production represent the potential pressure of the traditional agricultural high-input model on the environment. In the past few years, we have selected indicators of pesticide use, fertilizer application, agricultural plastic film use, and the total power of agricultural machinery to characterize the situation.

Desired Output Indicators include economic output and ecological output. The total agricultural output value shows how efficient agricultural production is economically, which is essential for agricultural development. The agricultural carbon sink indicates how agricultural production positively affects the environment, serving as a key measure for low-carbon agriculture. Non-desired output indicators refer to agricultural carbon emissions, which highlight the negative effects of agricultural production on the environment.

Non-desired output indicators include agricultural carbon emissions, which reflect the negative impact of agricultural production on the environment.




2.3.3 Analysis of the driving factors of AEE


2.3.3.1 Tobit mode

The Tobit model, also known as the restricted dependent variable model (Tobin, 1956), is a statistical model used to analyze binary dependent variables, which can flexibly accommodate various types of independent variables and has excellent interpretability for outliers and non-normally distributed data (Weiss and Zhu, 2025). In contrast, the least squares method to explore the relationship between AEE and external factors is prone to bias in parameter estimates (Xu et al., 2022). Considering the dynamic characteristics of ecological efficiency in the YEB, this study employs a Tobit regression analysis for panel data. The dependent variable in this model is the ecological efficiency value obtained through the Super-SBM model, which is a censored variable.
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In the Equation 7: 

Y
i

 represents the dependent variable for the i-th observation, 

X
i

​is the vector of independent variables for the i-th observation, 

β
0

 is the vector of unknown parameters to be estimated, 

ε
i

 is the random error term, assumed to be independent and normally distributed.



2.3.3.2 Variable selection

The level of AEE is influenced not only by economic factors but also by agricultural production conditions and social factors, all of which play an increasingly important role in modern agricultural production. Based on existing research findings (Zhu and Cao, 2024) and practical data availability, this study categorizes the factors affecting AEE into the following eight aspects, as detailed in Table 2.


TABLE 2 Variables selected for the AEE analysis.


	Variable
	Indicator
	Description
	Unit

 

 	Dependent variable 	Agricultural ecological efficiency 	 	


 	Independent variables 	Farmers’ living standard 	Per capita disposable income of rural residents 	RMB


 	Fiscal support for agriculture 	Ratio of government spending on agriculture, forestry, and water to local fiscal spending 	%


 	Agricultural marketization level 	Ratio of farmers’ pure business income to total rural income 	%


 	Irrigation facilities Level 	Ratio of effective irrigated area to total sown area of crops 	%


 	Mechanization level 	Ratio of total agricultural machinery power to sown area of crops 	kW/hectare


 	Disaster rate 	Ratio of disaster-affected area to total sown area of crops 	%


 	Urbanization level 	Proportion of urban population to total population 	%


 	Fertilizer application level 	Ratio of total fertilizer use to total sown area of crops 	kg/hectare




 

The living standard of farmers is measured by the per capita disposable income of rural residents, reflecting the incentive effect of the improvement of the economic level of agricultural practitioners on the behavior of green production. The level of financial support for agriculture is measured by the ratio of financial expenditure on agriculture, forestry and water to the ratio of local financial expenditure, which reflects the support of the government for low-carbon agriculture. The level of financial support for agriculture is measured by the ratio of financial expenditure on agriculture, forestry and water to local financial expenditure, reflecting the government’s support for low-carbon development in agriculture. The level of agricultural marketization shows how much farmers earn compared to rural income, which demonstrates how market changes affect growers. The level of water conservation in farmland looks at how much land is effectively irrigated compared to the total area planted with crops, showing how well water is used in farming; the level of agricultural mechanization compares the total power of farming machines to the area planted with crops, indicating how much mechanization affects farming efficiency. The disaster rate, which is the area affected by disasters compared to the area planted with crops, shows how natural disasters impact farming; the level of urbanization looks at the number of city residents compared to the total population, indicating how urban growth might affect farming efficiency; and the level of fertilizer application compares the total amount of fertilizers used to the area planted with crops, showing the environmental impact of farming inputs. The disaster rate, which is the ratio of the area affected by disasters to the area where crops are planted, shows how natural disasters affect farming; the level of urbanization, which is the percentage of people living in cities compared to the total population, indicates how urban and rural areas working together might influence agricultural efficiency. The level of fertilizer application, measured as the ratio of the total use of fertilizers to the total sown area of crops, reflects the environmental burden of resource inputs in agriculture.






3 Results and analysis


3.1 Results and analysis of agricultural carbon sources and sinks measurement in the YEB

Table 3 presents the total agricultural carbon sources, carbon sinks, and net carbon sink in the YEB from 2008 to 2023. Overall, the net carbon sink in the YEB remained positive during this period, indicating that agriculture in the region contributed to carbon sequestration. The development trend can be broadly divided into three stages:


TABLE 3 Carbon emissions, carbon sequestration, and net carbon sink in the YEB (2008–2023).


	Year
	Input materials
	Paddy cultivation (10,000 tons)
	Livestock and poultry (10,000 tons)
	Total carbon emissions (10,000 tons)
	Total carbon sequestration (10,000 tons)
	Net carbon sink (10,000 tons)

 

 	2008 	2927.891 	4844.552 	2908.159 	10680.602 	21496.636 	10816.034


 	2009 	3003.444 	4932.906 	3070.656 	11007.006 	21953.380 	10946.374


 	2010 	3073.081 	4948.160 	3182.953 	11204.194 	21852.281 	10648.088


 	2011 	3150.134 	4970.258 	3181.608 	11302.000 	22562.981 	11260.981


 	2012 	3201.937 	4965.305 	3296.191 	11463.433 	23510.358 	12046.925


 	2013 	3227.158 	5010.823 	3366.507 	11604.487 	23708.620 	12104.132


 	2014 	3240.293 	5067.541 	3456.389 	11764.222 	24456.562 	12692.340


 	2015 	3226.915 	5178.988 	3416.973 	11822.876 	25068.973 	13246.097


 	2016 	3187.398 	5238.366 	3375.406 	11801.169 	24749.341 	12948.172


 	2017 	3125.729 	5277.738 	3376.885 	11780.352 	25010.809 	13230.457


 	2018 	2981.050 	5274.197 	3340.053 	11595.300 	24926.478 	13331.178


 	2019 	2847.578 	5227.569 	2950.805 	11025.952 	24893.960 	13868.008


 	2020 	2774.117 	5229.456 	2950.764 	10954.338 	25149.951 	14195.613


 	2021 	2695.245 	5218.398 	3399.858 	11313.501 	25566.346 	14252.844


 	2022 	2644.114 	5187.933 	3531.004 	11363.051 	25652.000 	14288.949


 	2023 	2602.883 	5198.933 	3606.989 	11408.805 	26174.398 	14765.593




 

First, the period from 2008 to 2015 marks a phase of sustained growth. The net agricultural carbon sink in the Yangtze River Economic Zone increased from 108.16 to 132.46 million tons, with an average annual increase of 2.29%. While agricultural carbon emissions remained constant during the study period, the net carbon sink increased primarily because of the growth in carbon sinks. The reason for this may be the large-scale use of agricultural mechanization, which improves the efficiency of agricultural production and increases the output of agricultural products, which in turn leads to an increase in carbon sinks.

Second, the period from 2016 to 2019 is characterized by fluctuating and gradual growth. During this period, the net agricultural carbon sink in the YEB showed a first decline and then a rise. Carbon emissions were cumulatively reduced by nearly 8 million tons during this phase, but the carbon sink declined in 2018 and 2019. This phenomenon is attributed to the country’s increasing emphasis on green development strategies and the introduction of stricter fertilizer reduction actions to promote agricultural cost savings and efficiency. The implementation of these policies has reduced carbon emissions on the one hand, but on the other hand, the reduction in the use of agricultural materials has led to a reduction in the level of crop yields, thus affecting the carbon sink.

Third, the period from 2020 to 2023 represents a phase of stable growth. During this period, the total agricultural carbon emissions and carbon sinks within the YEB show a steady increase, with a cumulative increase in net agricultural carbon sinks of 5.699 million tons. Looking specifically at carbon emissions, emissions from agricultural inputs and rice paddy cultivation have decreased, while carbon emissions from livestock farming have returned to the level before the outbreak of African swine fever. The reason for this shift is that the development of green agriculture has taken root in people’s hearts, and the transformation and development of low-carbon agriculture have achieved certain results, which, while reducing inputs of agricultural materials, have been able to promote the double enhancement of the yield and quality of agricultural products, further improving the carbon sink capacity of agriculture.

Overall, the net agricultural carbon sinks in the YEB exhibit a distribution pattern of high values on both ends and low values in the middle. From an interprovincial perspective, the total net agricultural carbon sinks in each province and city have shown an upward trend compared to the baseline period. Specifically, Jiangsu Province has the most significant growth in carbon sinks, from 17.395 million tons in 2008 to 26.038 million tons in 2023, with an increment of 8.463 million tons. The reason for this is that agricultural production in Jiangsu Province has shifted from “high inputs and high outputs” to “green and low carbon” and has improved soil carbon storage capacity through the promotion of green technologies such as returning straw to the fields, replacing chemical fertilizers with organic fertilizers, and no-tillage and minimum-tillage. With the support of large-scale planting and mechanization, agricultural output in Jiangsu Province has been rising, leading to an increase in the carbon sink from agricultural production. Meanwhile, the net carbon sinks of Anhui, Sichuan, Hubei, and Hunan are also at the forefront of the increase, with an increase of 8.445, 7.034, 5.838, and 3.669 million tons, respectively. By contrast, Shanghai and Zhejiang recorded the smallest growth in agricultural net carbon sinks. Shanghai, as one of China’s highly developed and modernized cities, has a relatively weak agricultural function, with limited farmland and smaller scales of both carbon emissions and sequestration. Particular attention should be paid to Zhejiang Province, which is regarded as a pilot area for China’s new era of common prosperity. Its agriculture has long been dominated by high value-added cash crops (e.g., tea, flowers, and vegetables in facilities) and large-scale aquaculture, and this type of production mode is significantly more dependent on chemical fertilizers, pesticides, and agricultural energy than traditional food crops. In addition, urbanization and industrialization have led to the encroachment of high-quality farmland on construction land, and agricultural production has been forced to shift to the ecologically fragile hills and mountains, resulting in high agricultural carbon emissions and low carbon sinks (Figure 2).

[image: Bar chart comparing the agricultural net carbon sink of various Chinese provinces in 2008 and 2023. The chart shows an increase in carbon sinks in most provinces, with Anhui, Jiangsu, and Sichuan having notable growth. Data for each province is shown with bars in blue for 2008 and orange for 2023.]

FIGURE 2
 Comparison of net agricultural carbon sinks by province in 2008 and 2023.


From a temporal standpoint, the top three provinces in the YEB in 2023 concerning net carbon sequestration were Anhui, Jiangsu, and Sichuan, with net carbon sequestration values of 27.861, 26.038, and 24.398 million tons, respectively. The higher levels of agricultural carbon sequestration in these three provinces are largely due to their geographical characteristics, with most regions being in plains or basins that feature flat topography and extensive arable land. Additionally, the high level of mechanization and favorable crop yields in these regions enable effective absorption of CO2 generated during agricultural production. In contrast, Shanghai, Zhejiang, and Chongqing provinces had relatively lower agricultural net carbon sinks, with values of 0.399, 0.219, and 6.002 million tons, respectively. The cases of Shanghai and Zhejiang have already been discussed earlier, so further elaboration is unnecessary here. As for Chongqing, the agricultural net carbon sink is limited by topographical constraints. The arable land area in Jiangxi is relatively small and fragmented, making large-scale mechanized operations difficult. This results in higher agricultural input materials but lower crop yields, affecting the region’s overall agricultural net carbon sink. This analysis highlights the significant regional differences in agricultural net carbon sinks across the YEB, with clear variations in the rate of increase in net carbon sinks among different provinces and municipalities.



3.2 Research on the spatio-temporal evolution of AEE in the YEB


3.2.1 Impact of carbon source and carbon sink factors on AEE calculation results

This study, based on the assessment of agricultural carbon emissions and carbon sequestration, computes the AEE for the nine provinces and two municipalities within the YEB by considering them as individual decision-making units. To have a comprehensive view of the AEE of the YEB, we have calculated three different types of AEE: the traditional AEE, which only considers agricultural production; the low-carbon AEE, which additionally incorporates carbon sources; and the green AEE, which simultaneously considers both carbon sources and carbon sinks. It then systematically compares and analyzes the results of these three types of AEE. The results of these three types of AEE are then systematically compared and analyzed. It should be noted that the input indicators are consistent across the three AEE measures, with only the output indicators changing. Among them, the traditional AEE only sets the agricultural output value as the desired output; in the low-carbon AEE measurement, the agricultural output value is set as the desired output and the agricultural carbon emission is set as the non-desired output; and in the green AEE measurement, the agricultural output value and the agricultural carbon sinks are set as the desired outputs, and the agricultural carbon emission is set as the non-desired output.

The data presented in Figure 3 demonstrate that traditional AEE, low-carbon AEE, and green AEE all exhibited a consistent upward trend over time. During the study period, the average value of traditional AEE was 0.366. low-carbon AEE was 0.290, it is 20.765% lower than the AEE value of conventional agriculture. Green AEE was 0.772, nearly 1.355 times more eco-efficient than low-carbon agriculture. This indicates a clear ranking: green AEE is greater than traditional efficiency, which in turn is greater than low-carbon efficiency. If environmental factors are excluded from the AEE-Assessment, it could mislead relevant authorities in their decision-making processes regarding low-carbon agricultural development. Additionally, if environmental costs are considered in the evaluation of traditional AEE without accounting for carbon sink effects, it would fail to accurately assess the role of agriculture in reducing emissions and improving efficiency within the ecosystem. Such an outcome could lead to higher costs associated with carbon neutrality policies.

[image: Line graph showing efficiency values from 2008 to 2023 for traditional, low carbon, and green efficiency. Traditional efficiency increases steadily, low carbon follows a similar trend, while green efficiency initially dips and then rises significantly.]

FIGURE 3
 Comparative agro-ecological efficiency analysis of the Yangtze River Economic Belt.


Given that agriculture exhibits both carbon source and carbon sink characteristics, it is important to take into account both the negative impacts of carbon sources on AEE and the ecological benefits of carbon sinks. Particularly under the goals of carbon neutrality, integrating both carbon sources and carbon sinks into the evaluation of green AEE provides a more accurate representation of the true state of the agricultural ecosystem. This approach ensures that improvements in AEE are aligned with environmental protection objectives. Therefore, the subsequent sections of this study will further analyze and assess the green AEE (referred to as AEE).



3.2.2 Analysis of time evolution trend

From Figure 3, it can be seen that the YEB’s AEE shows a fluctuating upward trend in general, gradually increasing from 0.625 in 2008 to 1.024 in 2023, reflecting the YEB’s comprehensive enhancement of the green development of agriculture, eco-protection and resource utilization, which can be ambient in four stages. The first stage spans from 2008 to 2011, characterized by a high initial AEE that fluctuated and declined at the beginning. In this period, the efficiency value was 0.625 in 2008, indicating a high level; however, it continuously declined from 2009 to 2011, ultimately reaching a trough of 0.490 in 2011. The decline in AEE may be attributed to the faster development of traditional agricultural scale in the YEB during this stage, increased inputs of chemical fertilizers and pesticides, and the short-term pressure on the ecological environment that resulted from these factors. The second stage is 2012–2016, when AEE showed a gradual rebound. The efficiency value gradually rebounded from 0.530 in 2012 to 0.680 in 2016, with an average annual increase of about 5.2%. In this stage, the state began to pay attention to the protection of agricultural ecology, the policy shifted to “improve quality and efficiency,” and some regions began to promote the management of agricultural surface pollution, straw return to the field and other eco-agricultural measures, which alleviated the ecological pressure in the early stage. The third stage is 2017–2020; the AEE shows a trend of continuous growth. The efficiency value fell back slightly in 2017 (0.662) but entered a period of rapid growth after 2018, reaching 1.024 in 2023, an increase of 54.7% compared with 2017, of which the growth rate in 2020–2023 is especially obvious (average annual increase of about 8.8%). During this period, the YEB’s policy of “common protection” is deeply implemented, and the promotion of green agricultural technologies (such as organic fertilizer substitution, water-saving irrigation, and eco-cycling agriculture) is accelerated, which promotes the significant improvement of AEE.



3.2.3 Analysis of spatial evolution trend

To reveal the spatial distribution characteristics of AEE in the YEB, this study classifies AEE into five grades: low, low average, average, high average and high. 2008, 2016, and 2023 are selected as sample years for the analysis (Table 4).


TABLE 4 Distribution of agro-ecological efficiency by provinces in the Yangtze River Economic Belt, 2008, 2016 and 2023.


	Year
	2008
	2016
	2023

 

 	Anhui 	0.462 	0.663 	1.013


 	Guizhou 	1.018 	1.009 	1.029


 	Hubei 	0.399 	0.647 	1.028


 	Hunan 	0.432 	0.539 	1.031


 	Jiangsu 	0.467 	0.719 	1.023


 	Jiangxi 	1.006 	1.002 	1.022


 	Shanghai 	0.333 	0.415 	1.010


 	Sichuan 	0.445 	0.704 	1.024


 	Yunnan 	1.027 	0.619 	1.020


 	Zhejiang 	0.286 	0.493 	1.031


 	Chongqing 	1.002 	0.671 	1.031




 

In 2008, the spatial differentiation of AEE in the YEB was obvious. Provinces in the high-efficiency class include Guizhou, Jiangxi, Yunnan, and Chongqing, whose efficiency values are all over 1.000, showing that these regions have a pioneering advantage in the synergistic development of agricultural production and ecological protection; Anhui, Jiangsu, Hunan, and Sichuan provinces are in the average efficiency value, indicating that their AEE is yet to be improved; and the efficiency values of Hubei, Shanghai, and Zhejiang are lower, with the efficiency value of Zhejiang being only 0.286, reflecting that these regions have certain shortcomings in their agro-ecological development model. By 2016, the AEE of most provinces had realized a significant leap. Provinces like Anhui, Hubei, Jiangsu, Sichuan, and Yunnan have transitioned from average to higher grades, indicating that the YEB’s agro-ecological transformation is starting to yield positive results. However, Shanghai is still at the average level with an efficiency value of 0.415, and Zhejiang and Hunan have improved their efficiency to the average range, but their efficiency values have not yet exceeded 0.6, indicating that agro-ecological optimization in these regions still faces challenges. In 2023, the AEE pattern of the YEB undergoes a fundamental transformation. All provinces reach a high level of efficiency, with the efficiency value of Zhejiang jumping from 0.286 in 2008 to 1.031, and that of Shanghai from 0.333 to 1.010, realizing a leapfrog development from a lower to a higher level. This change confirms that agricultural production in the YEB, driven by agro-ecological protection policies, has comprehensively moved toward the green and efficient stage and that the spatial differences in AEE within the region have significantly narrowed, with a synergistic development trend gradually taking shape.

Looking specifically at the three regions of the YEB (Table 5), the AEE of the upper reaches of the YEB as a whole has shown a sustained and rapid growth, with an average value of 0.770. The reason for the upward trend is that the demand for agricultural materials during crop production is low due to favorable natural conditions, and there is less pollution in the agricultural sector. At the same time, the development of specialty agriculture in accordance with local conditions provides favorable conditions for ecological agricultural production. In addition, the efficiency value reaches 1.026 in 2023, surpassing that of downstream industries, which highlights the key role of ecological protection and the integration of specialty industries in the green transformation of agriculture. The average value of AEE in the middle reaches of the YEB is 0.672, showing a decreasing and then increasing trend during the examination period. As China’s major grain production area, the region has seen a decline in arable land fertility, leading to a greater reliance on farm inputs to ensure agricultural production, resulting in the level of eco-agricultural production being maintained at a low level. With the implementation of the 2020 Yangtze River Protection Law and the establishment of a cross-provincial eco-compensation mechanism, the midstream provinces are actively drawing on the advanced experience of sister provinces to optimize the structure of agricultural production and promote the mechanization, scaling and digitization of agricultural operations in accordance with local conditions, which is promoting the transformation of agricultural production to low-carbon and significantly improving the efficiency of agro-ecology. In contrast, the lower YEB has a lower level of AEE, with a mean value of 0.606, reflecting the challenges of synergistic development of agricultural production and ecological environment protection in the region. Although the downstream region has certain advantages in the application of agricultural science and technology and infrastructure construction, the overall efficiency of the agro-ecological system has not been fully released due to the accelerated process of urbanization and industrialization, the scarcity of land resources, and the need to improve the efficiency of resource utilization. As the State prioritizes the ecological environment, the downstream provinces have gradually improved their AEE by optimizing agricultural production methods, enhancing the promotion of eco-agricultural technologies, and advancing green agricultural development, resulting in a narrowing gap with the upstream and midstream regions.


TABLE 5 Changes in agricultural ecological efficiency in the Yangtze River Economic Belt and its comparison.


	Year
	Green AEE in the upper reaches
	Green AEE in the middle reaches
	Green AEE in the lower reaches

 

 	2008 	0.873 	0.612 	0.387


 	2009 	0.653 	0.573 	0.392


 	2010 	0.605 	0.459 	0.416


 	2011 	0.519 	0.515 	0.442


 	2012 	0.590 	0.524 	0.474


 	2013 	0.684 	0.524 	0.478


 	2014 	0.732 	0.545 	0.532


 	2015 	0.690 	0.592 	0.648


 	2016 	0.750 	0.729 	0.572


 	2017 	0.743 	0.638 	0.599


 	2018 	0.802 	0.665 	0.625


 	2019 	0.848 	0.715 	0.671


 	2020 	0.888 	0.816 	0.710


 	2021 	0.961 	0.894 	0.809


 	2022 	0.956 	0.918 	0.927


 	Average 	1.026 	1.027 	1.019




 



3.2.4 Provincial categories and changes in AEE in the YEB

To understand the changing relationship between AEE and the ratio of carbon sinks and sources in provinces and municipalities of the YEB, examine type distribution of 9 Provinces and 2 Municipalities in the YEB, 2008–2023, and due to the limitation of space, only the scatter plots of the distribution of nine provinces and two municipalities directly under the central government in the YEB in 2008, 2012, 2016, 2020 and 2023 scenarios are shown (Figure 4). According to the methodology outlined by Zhu and Cao (2024), the 11 provinces and regions in the YEB were categorized into four groups based on their carbon sink-to-source ratio and AEE values. The classification included high surplus-efficiency zone, high surplus-inefficiency zone, low surplus-efficiency zone, and low surplus-inefficiency zone, with specific thresholds set at a carbon sink-to-source ratio of 2.5 and an AEE value of 0.6.

[image: Five maps depict the economic efficiency of various Chinese provinces over different years: 2008, 2012, 2016, 2020, and 2023. Each province is shaded to indicate categories of economic surplus and efficiency: Low Surplus-Low Efficiency, Low Surplus-High Efficiency, High Surplus-Low Efficiency, and High Surplus-High Efficiency. The shading varies from light green to dark green, with a legend provided for clarity.]

FIGURE 4
 Distribution of provincial agro-ecological efficiency in the Yangtze River Economic Belt.


Firstly, high surplus-efficiency zone. The overall characteristic of provinces in the “double-high” agglomeration area is that agricultural carbon sinks are higher than carbon sources, with a high surplus capacity of carbon sinks and high AEE. From the figure, it is easy to find that in 2008 and 2012, there were two provinces (Guizhou and Yunnan) and one province (Yunnan) in the cluster; in 2016, there were three provinces in the cluster: Anhui, Guizhou and Yunnan; and in 2020 and 2023, a total of five provinces and municipalities directly under the central government, including Anhui, Guizhou, Jiangsu, Sichuan and Yunnan, will be in the agro-ecological direction of the region. This also shows that with economic and social development, the agricultural production in the provinces and municipalities of the YEB has continued to improve quality and efficiency; the surplus capacity of carbon sinks has been sufficiently improved; and the AEE has been strengthened.

Second, high surplus and low efficiency zone. The overall characteristic of provinces in the “high and low” agglomeration area is that the agricultural carbon sink is higher than the carbon source, but the AEE is lower. The chart shows that only three provinces were in this cluster during the study period: Anhui and Guizhou in 2012 and Hubei in 2020. The chart also shows that the overall AEE of the YEB is getting better and better.

Third, low-surplus, high-efficiency zones. Provinces in the “high and low” cluster are generally characterized by agricultural carbon sinks that are lower than carbon sources, with insufficient surplus capacity but relatively high AEE. The figure shows that there are more provinces in this zone during the survey period, jumping from two provinces and municipalities (Jiangxi and Chongqing) in 2008 to six provinces and municipalities (Hubei, Hunan, Jiangxi, Shanghai, Zhejiang, and Chongqing) in 2023, and most of the provinces have shifted from the “double-low” zone to this zone, realizing the improvement of AEE.

Fourth, low-surplus, low-efficiency zones. Provinces in the “double-low” agglomeration area are generally characterized by agricultural carbon sinks that are lower than carbon sources, insufficient carbon surplus capacity and low AEE. During the study period, the number of provinces in this cluster has been decreasing, from 7 provinces (Anhui, Hubei, Hunan, Jiangsu, Shanghai, Sichuan and Zhejiang) in 2008 to none in 2023, which indicates that the transformation of the agricultural production model in the region has been effective and the AEE has been improving.

In summary, in 2008, the YEB included a larger number of provinces located in both the low-surplus, high-efficiency zone and the low-surplus, low-efficiency zone. And by 2023, the proportion of provinces in the high-surplus, high-efficiency zone increased, while those in the low-surplus, low-efficiency zone had shifted into the low-surplus, high-efficiency zone. No provinces remained in the high-surplus, low-efficiency, or low-surplus, low-efficiency zones. It can be seen that the agricultural production of the provinces in the YEB has changed from low to high efficiency.




3.3 Analysis of the driving factors of AEE in the YEB

In this section, the driving factors that influence AEE across provinces in the YEB were analyzed using Stata software. The results of this analysis are presented in Table 5, showcasing the factors and their impact on AEE within the region. Conversely, the living standard of farmers, the level of financial support for agriculture, the level of agricultural marketization, and the level of urbanization will have a significant positive impact on the value of AEE; the level of mechanization and the disaster rate will have a significant negative impact on the value of AEE. The level of farmland water conservancy facilities and the level of fertilizer application do not affect the value of AEE (Table 6).


TABLE 6 Tobit model estimation results.


	Indicator
	Regression coefficient

 

 	Farmer’s standard of living 	0.000*** (7.827)


 	Fiscal support for agriculture 	2.301*** (3.350)


 	Agricultural marketization level 	1.129*** (4.475)


 	Farmland irrigation facility level 	−0.488*** (−2.843)


 	Mechanization level 	−0.003 (−0.466)


 	Disaster rate 	−0.409*** (−3.748)


 	Urbanization level 	−0.001** (−2.103)


 	Fertilizer application level 	0.402 (1.462)





*p < 0.1; **p < 0.05; ***p < 0.01.
 

First, the living standard of farmers is significant at the 1% level, and the coefficient of the variable is positive. Economic development and the continuous improvement of the industrial base have largely contributed to the transformation and development of the agricultural economy in the YEB, and the continuous expansion of the scale of planting and breeding by farmers has made them very profitable. At the same time, the strong growth of market demand further promotes the prosperity of the agricultural sector; therefore, farmers will continue to improve green production technologies (such as drip irrigation and organic fertilizer substitution) to expand yields and enhance the quality of agricultural products, which will increase their business income and facilitate the transition of agricultural production from a “production-oriented” approach to one focused on “quality and efficiency.” Increase efficiency “transformation of agricultural production from” production-oriented “to” quality-enhancing.”

Second, the level of financial support to agriculture has a significant positive impact on the AEE of the YEB at the 1% significance level. The increase of government financial investment directly promotes the upgrading of water conservation systems for farmland, agricultural surface pollution control, and the smooth implementation of ecological compensation programs. Through the construction of ecological ditches, the promotion of resource utilization of livestock and poultry waste and the return of farmland to forests and grasslands, the YEB has gradually formed a virtuous cycle of “policy inputs-ecological improvement,” which has strongly promoted the improvement of AEE.

Third, the level of agricultural marketization is significant at the 1% level with a positive coefficient of the variable. It indicates that as the level of agricultural marketization increases, it has a promoting effect on AEE. In the context of the new era, the improvement of people’s living standards greatly stimulates the demand for green agricultural products. At the same time, the high value-addedness of green agricultural products also promotes the transformation of energy-intensive agriculture to a green and low-carbon direction (e.g., soil fertilization to maintain the quality of arable land), forming a self-driven mechanism of “economic dependence-ecological protection,” which promotes the AEE to be significantly improved.

Fourth, the level of water conservation facilities for farmland is significant at 1% level, and the coefficient of the variable is negative. This result reveals that there is an inverse relationship between the level of farmland water conservancy facilities and AEE, which is contrary to traditional research. It is generally believed that effective water conservation systems for farmland can improve water resource utilization and enhance agriculture’s ability to withstand natural disasters. However, in-depth analysis reveals that the current construction of on-farm water conservancy facilities is still mainly aimed at ensuring stable and increased agricultural production, especially in the middle reaches of the rice-growing provinces, which overly rely on the big water irrigation system, resulting in the waste of water resources and the aggravation of the problem of soil salinization. In addition, the construction of some old water conservancy facilities has not fully taken into account the need for ecological protection, resulting in a weakening of the ecosystem’s ability to repair itself.

Fifth, the damage rate has a negative impact on the AEE of the YEB at the 1% significance level. The reason for these findings is that agricultural production is greatly affected by natural climatic conditions, such as floods, droughts and other natural disasters that directly damage farmland ecosystems, leading to soil erosion and loss of organic matter from arable land, which in turn have a huge impact on crop growth and yield. In addition, post-disaster replanting and pesticide misuse exacerbate the ecological load, limiting the function of agricultural carbon sinks and thus reducing AEE.

Sixth, the level of urbanization is significant at the 5% level with negative coefficients of the variables. This result indicates that the increase of urbanization level has a certain counter effect on AEE. The increase in urbanization level is often accompanied by the transfer of rural labor to cities and towns, which leads to a structural shortage of labor in agricultural production and the phenomenon of abandonment of arable land or rough management in some areas, which in turn affects the effective implementation of agroecological management measures. At the same time, the expansion of cities and towns may encroach on high-quality arable land, forcing agricultural production to move to ecologically fragile areas and increasing the difficulty of ecological protection. In addition, industrial pollution and domestic sewage generated during urbanization, if not properly handled, may spread to the surrounding agricultural areas, exacerbating agricultural surface pollution and further restricting the improvement of AEE.

Seventh, the level of mechanization did not pass the significance test, indicating that there is no stable relationship between it and AEE. This outcome stems from the dual nature of mechanization in agricultural production. On the one hand, increasing the level of mechanization has significant economic and ecological benefits. That is to say, it can effectively reduce labor costs and significantly increase labor productivity, thus promoting the green production efficiency of agriculture. However, on the other hand, agricultural mechanization relies on fossil energy and generates a large amount of carbon emissions, which has a negative impact on AEE. In addition, regional differences further blur the association between mechanization and AEE, e.g., Jiangsu has popularized low-carbon farm machinery and precision operation technology, while the middle and upper provinces are still dominated by traditional fuel-fired farm machinery. This regional heterogeneity leads to insignificant overall regression results.

Eighth, the level of fertilizer application did not pass the significance test, implying that it did not show a stable association with AEE. On the one hand, rational application of fertilizer can provide sufficient nutrients for crop growth and significantly increase crop yield. As an important agricultural production area in China, the YEB’s, chemical fertilizer application has increased the yield per unit area to a certain extent and guaranteed China’s food security; however, excessive application of chemical fertilizer will lead to soil crusting and acidification, reduce soil fertility, and affect the balance of the soil ecosystem. At the same time, fertilizers not absorbed by crops will be washed into water bodies with rainwater, triggering environmental problems such as eutrophication of water bodies. The combined effect of the two ultimately makes the overall regression results insignificant.




4 Discussion and future research


4.1 Discussion

In the measurement of agricultural carbon sources and sinks, it was found that the net agricultural carbon sink in the Yangtze River Economic Zone showed a three-stage evolution of “continuous increase, fluctuating increase, and stable increase” during the study period, which echoes and expands on the findings of existing studies. For example, Zhang et al. (2022) pointed out that China’s AEE is driven by technological progress, and in this study, the popularization of mechanization promoted the increase of yields and hence carbon sinks, which confirms the positive role of technological factors. In addition, the present study further verifies that Jiangsu Province achieved a significant reduction in carbon emissions through the development of low-carbon production technologies, resulting in a significant increase in carbon sinks (Xiong et al., 2020), while Zhejiang and Shanghai lagged behind due to the contradiction between resource scarcity and economic development (Jing et al., 2022).

In the measurement of AEE, the classification of traditional, low-carbon and green AEE adopted in this study shows that the green AEE is significantly higher than the low-carbon AEE and the traditional AEE, which echoes Zhu and Cao (2024) conclusions about the efficiency of carbon sinks. In terms of temporal evolution trend, the AEE is basically consistent with Cui et al. (2022) study on the green development of agriculture in the YEB, which indicates that policy-driven (e.g., the post-2016 strategy of “grasping the maximum protection”) is the core driving force for the improvement of efficiency. In terms of spatial characteristics, AEE in upstream provinces such as Guizhou and Yunnan was at a high level in 2008, which is at variance with the finding that efficiency in downstream areas generally led in previous studies (Jin B. et al., 2024; Jin G. et al., 2024). This variance may stem from the inclusion of the carbon sink factor in this study—the upstream provinces rely on rich forest and grassland resources to develop eco-agriculture, and their carbon sink capacity significantly supports AEE (Wang and Liu, 2023). The downstream provinces, on the other hand, have high carbon emission intensity mainly due to high value-added agricultural patterns, which complements Cai and Li (2024) suggestion that industrial structure affects AEE. In addition, this study divides the provinces by the “carbon sink-source ratio” and finds that all the provinces are out of the “low-surplus, low-efficiency zone” in 2023, which indicates that the synergistic management policy of the YEB is effective in achieving balanced development in the region. This study indicates that the policy of coordinated governance of the YEB is effective in balanced regional development.

In terms of influencing factors, this study found that the living standard of farmers, the level of financial support for agriculture, and the level of agricultural marketization have a significant positive effect on the improvement of AEE, a result similar to the findings of Li et al. (2022), which suggests that governmental inputs and the market mechanism are the key to promoting the coordinated development of agricultural economy and ecology. The level of farmland water conservancy facilities, the disaster rate, and the level of fertilizer application will have a significant negative impact on the value of AEE. It is noteworthy that the increase in the level of urbanization has a significant negative impact on AEE, which is inconsistent with existing studies (Jin B. et al., 2024; Jin G. et al., 2024). This discrepancy may stem from the superimposed effect of fragmentation of arable land and loss of agricultural labor in the urbanization process in the middle and upper reaches of the YEB.



4.2 Limitations and future research

Although this study provides a useful reference for the study of AEE in the YEB, certain limitations still exist. (1) Due to the availability of data collection, this study only accounts for carbon sinks from crop photosynthesis and temporarily does not include soil carbon pools, forestry carbon sinks, and other carbon sequestration contributions of agroecosystems, which may underestimate the overall carbon sink capacity of agriculture. (2) This study is mainly based on provincial panel data and fails to capture the spatial heterogeneity fully at the city and county scales. (3) The model does not incorporate the impacts of exogenous shocks such as climate change and international agricultural market fluctuations, whose short-term perturbations and long-term impacts on AEE need to be specifically assessed.

In the future, the research team will deepen the field of agricultural low-carbon research and further expand the research content. (1) In the future, the research team will collect more information and data from all aspects and further construct an ideal system for assessing carbon emissions. (2) In the future, the research team will construct a “region-province-city-county” analysis framework and explore the AEE of different regions by combining more detailed regional data and spatial measurement models. (3) In the future, climate change indicators and international shock data will be introduced to further analyze the short-term disturbances and long-term impacts of exogenous shocks on AEE. It is expected that, through further research and policy implementation, the AEE of the YEB will achieve a higher level of improvement, providing a model for the green and low-carbon transformation of agriculture in China and around the world.




5 Conclusion and recommendations


5.1 Conclusion

This study conducted an in-depth assessment of the level of Agricultural Energy Efficiency (AEE) in the YEB from 2008 to 2023, utilizing panel data from provinces and cities, along with the super-efficiency SBM model and the Tobit model to measure agricultural carbon sources and sinks. The conclusions of the study are as follows:

	(1) The net agricultural carbon sink of the YEB in general presents a three-stage evolution characteristic of continuous rise, fluctuating rise, and stable rise, increasing from 108.160 million tons in 2008 to 147.656 million tons in 2023. Spatially, Jiangsu has the largest increase in net carbon sinks (8.463 million tons) during the study period, while Shanghai (0.399 million tons) and Zhejiang (2.190 million tons) have low net carbon sinks due to the scarcity of arable land and the high-carbon agricultural model.

	(2) Through the calculation, it is further verified that only by considering agricultural carbon sources and sinks at the same time can the regional AEE be reasonably measured, and the regional AEE can be more fairly and reasonably reflected. In time, the evolution of AEE goes through the stage of “fluctuating decline-driven rebound-rapid growth,” and AEE accelerates after 2020. Spatially, AEE has shifted from “leading in the upstream and diverging in the middle and lower reaches” to “high efficiency in the whole region,” with regional differences significantly narrowed. In terms of the type of AEE, in 2008, provinces and municipalities were mainly clustered in low-surplus low-efficiency zones, low-surplus high-efficiency zones, and high-surplus low-efficiency zones, whereas in 2023, provinces and municipalities will mainly be clustered in high-surplus high-efficiency zones and low-surplus high-efficiency zones, which indicates that agriculture in the YEB is accounted for both Ecological and economic benefits in the process of promoting green transformation.

	(3) In terms of influencing factors, the living standard of farmers, the level of financial support for agriculture, and the level of agricultural marketization will have a facilitating effect on the improvement of AEE; the level of farmland water conservancy facilities, the rate of disaster, and the level of urbanization will have a hindering effect on the improvement of AEE. The level of mechanization and the level of fertilizer application will not impact the value of AEE.





5.2 Recommendations

Firstly, optimize the structure of agricultural production factors and promote low-carbon inputs and technological upgrading. The reason for the slow increase in the net carbon sink of agriculture lies in the irrationality of agricultural input factors in the agricultural production process. For this reason, it is necessary to continue to promote the reduction plan of pesticides, fertilizers, and other chemicals, as well as the structural optimization of agricultural inputs. For example, Yunnan, Guizhou and other upstream provinces have implemented actions to replace chemical fertilizers with organic fertilizers, Hubei, Hunan, Jiangxi and other rice-producing areas have promoted side-deep fertilization + biological control technology, and Jiangsu, Zhejiang and other downstream provinces have promoted the innovative use of agricultural machinery in a low-carbon manner, guiding them to reasonably control the use of agricultural inputs to achieve low-carbon development of agriculture; at the same time, we have promoted the enhancement of the digital-enabled carbon sinks by setting up an agricultural intelligent monitoring platform, promoting intelligent irrigation systems, and improving the structure of agricultural inputs. Additionally, the initiative promotes digital empowerment to enhance carbon sinks by establishing an agricultural intelligent monitoring platform and implementing intelligent irrigation systems. This approach aims to improve water resource utilization in key rice production areas while effectively preventing pests and diseases, thereby further advancing the development of low-carbon agriculture.

Secondly, differentiated low-carbon agricultural development strategies should be implemented according to local conditions. According to the natural conditions and market demand of different regions, develop specialized agriculture. For example, the Yangtze River Delta region develops modern urban agriculture and increases scientific and technological investment in research and development of new machinery for emission reduction agriculture so as to do a good job of demonstrating low-carbon agriculture. Jiangsu, Anhui, Sichuan Basin, the Dongting Lake Basin in Hunan Province, and the Poyang Lake Basin in Jiangxi Province have excellent natural resource endowments, so they should make more efforts to promote the construction of high-standard farmland and popularize the low-carbon model of integrated rice farming so as to enhance the carbon storage in the soil and improve the yield and quality of agricultural products at the same time. In the hilly and mountainous areas of the Yangtze River Basin, forestry and orchards can be developed to increase forestry carbon sinks.

Thirdly, the Government should strengthen collaborative governance and build a low-carbon agricultural policy support system. Financial expenditures on agriculture should be increased, with a focus on supporting the research and development of carbon sink enhancement technologies, low-carbon model pilots, and technical training for farmers. At the same time, the government should innovate market-based mechanisms, promote pilot trading of agricultural carbon sinks, and establish and improve cross-regional compensation mechanisms. In addition, in order to more effectively assess and monitor the low-carbon development of agroecology in the YEB, a dynamic assessment system of the basin’s AEE should be set up so as to provide a scientific basis and data support for regional cooperation and policy formulation.
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