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Water scarcity has increasingly become a critical challenge for the sustainable development of Chinese agriculture. Investigating the eco-efficiency of China’s grain production (ECGP) through the water footprint (WF) lens is essential for gaining deeper insights into the current state of grain production and promoting sustainable agricultural practices. In this paper, the CROPWAT model was used to measure the water footprint (WF) of China’s provinces, to evaluate the ECGP with the food production function based on the WF, and to explore the main influencing factors of the ECGP. The study found that (1) the green water footprint of grain production (WFGPgreen) dominates the WFGP in China, and the WFGP shows an overall fluctuating growth trend. In contrast, the gray water footprint of grain production (WFGPgrey) begins to decline after reaching the peak, especially after the implementation of the “Zero Growth Action Plan for Fertilizers and Pesticides,” significantly reducing the WFGP. The three phases of change in the ECGP, namely, “high-level decline period, adjustment period in the trough, and rebound and stabilization period,” show that China has gradually shifted from an initial model of high inputs and low efficiencies to a sustainable development model oriented toward green agriculture. ECGP varies significantly among the seven major regions of China, with the northeastern region being an area of high eco-efficiency in food production, probably mainly due to its more centralized pattern of food production. (3) The level of economic development, urban–rural income disparity, scale-up level, irrigation rate of grain fields, and grain yield per unit area significantly affect ECGP.
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1 Introduction

The United Nations World Water Development Report 2024 reveals that nearly half the global population is currently experiencing water scarcity.1 The projected 60% surge in global food demand by 2050 is of particular concern, which is expected to intensify pressures on already strained freshwater resources further. This challenge is especially acute in countries where the ratio between population and resource endowment is severely imbalanced (Wen and Lu, 2024). According to World Bank data (2020), China supports nearly 20% of the world’s population with just 6% of global freshwater resources.2 This imbalance is further exacerbated by pronounced spatial mismatches: over 60% of China’s arable land is located in the Huai River Basin and northern regions, which account for only around 20% of national water availability (Dai et al., 2020). Consequently, agricultural production in these areas has long relied on unsustainable practices such as groundwater over-extraction and large-scale inter-basin water diversion, posing significant threats to the long-term stability of food supply systems. Despite a steady increase in total grain output driven by ongoing reforms in the agricultural and rural sectors, this growth has been accompanied by substantial environmental trade-offs. As the primary water-consuming sector, agriculture accounted for approximately 62% of total water use in 2023 (Peng et al., 2023). Low-efficiency irrigation systems and the overuse of agrochemicals have further exacerbated water scarcity. In North China, for instance, cumulative groundwater depletion has reached 180 billion cubic meters, forming the largest groundwater depression cone worldwide (Chen et al., 2020). Concurrently, soil salinization and widespread watershed pollution have contributed to a negative feedback loop of resource depletion and ecological degradation. These converging challenges underscore the urgent need to accelerate the transition toward sustainable agricultural practices and to enhance ecological efficiency and integrated resource management in food production systems.

The academic community has initiated discussions on this topic. Researchers such as Bravo-Ureta et al. (2007), Vicente (2004), Wiebe et al. (2001), and Zhu et al. (2010) have measured the agricultural ecological efficiency of different countries around the world. Garbelini et al. (2022) further refined their study by examining the Brazilian grain production system, finding that diverse grain production systems can increase food output and maintain the sustainability of the grain production systems. The above-mentioned efficiency evaluation methods typically assume that grain production operates under full technical efficiency. However, technical inefficiencies often exist in actual production due to resource misallocation, outdated technologies, and environmental constraints. This limitation has prompted a shift in research perspectives, with scholars beginning to adopt more refined analytical methods. Specifically, scholars now employ methods such as SFA (Kuang et al., 2020; Pang and Wang, 2020; Xiao et al., 2022; Zeng et al., 2023) or DEA models (Binam et al., 2004; Deng and Gibson, 2019; Bianchi et al., 2020; Luik et al., 2009) to measure production efficiency by analyzing the inputs and outputs in grain production, while also exploring the influencing factors (Zeng et al., 2018; Mamiit et al., 2021). Subsequently, the focus of grain production has gradually shifted from merely increasing yields to achieving a balance between agricultural output and environmental sustainability. In response to new grain production requirements, scholars have expanded the evaluation framework of ECGP. The evaluation index system was developed from the food production evaluation index system consisting of labor, land, fertilizer, machinery inputs, and grain outputs (Van Asselt et al., 2014; Movilla-Pateiro et al., 2021) to a new evaluation index system incorporating carbon emissions or surface source pollution (Xiang et al., 2020; Baum and Bieńkowski, 2020; Wang et al., 2022; Lu et al., 2020; Cui et al., 2021; Li et al., 2022). Based on assessing the ECGP, scholars have explored factors influencing the ECGP from both endogenous and exogenous perspectives. The endogenous aspect focuses on input redundancy and unwanted output redundancy. Li et al. (2022) argued that the low overall efficiency of prominent grain-producing areas is because some provinces and cities have not achieved efficient, green production of grain, and they utilize resources inefficiently, exhibiting significant redundancies in inputs and unwanted outputs. The exogenous aspect emphasizes the external environment and various policies. Huang et al. (2022) found that changes in fertilizers and pesticides impact core indicators like rice production ecological efficiency. Yang et al. (2022) discovered that technological progress and improvements in agricultural infrastructure are significant drivers in enhancing the ECGP. Water resource accounting plays a critical role in evaluating the sustainability of agricultural production. Allan (2011) introduced the concept of virtual water, referring to the hidden flow of water used to produce goods and services. Building on this concept, Arjen Hoekstra—often referred to as the “father of the water footprint”—further classified WF into blue water, green water, and gray water in 2003, thereby capturing water consumption across the entire production lifecycle (Hoekstra A Y. 2003). The WF framework has since been widely applied in assessing agricultural water use. For instance, Wang et al. (2022), Li et al. (2022), and Zhai et al. (2021) have investigated the water footprints of crop production across different regions, revealing the spatiotemporal patterns of water use. Deng et al. (2007) evaluated water resource utilization in Sichuan Province by calculating the local water footprint self-sufficiency rate. In recent years, many scholars have employed water footprint accounting to study ecological efficiency.

An analysis of existing scholarly research reveals that substantial progress has been made in evaluating ECGP, particularly in selecting evaluation indicators, data processing methods, and modeling techniques. This body of research has laid a solid foundation for the current study, but there remains room for further improvement. This omission results in evaluation systems that cannot fully reflect the impact of water resource consumption and pollution on ecological efficiency. In grain production, water resources are heavily consumed and can be polluted, mainly due to agricultural activities leading to WFgrey. The long-term environmental impact of such pollution cannot be overlooked. This study fills this gap by incorporating WF and WFgrey into the evaluation framework. It provides a more comprehensive perspective, offering more substantial support for water resource management and sustainable agriculture. This is especially crucial for countries like China, where water resources are scarce, yet agriculture is highly dependent on water.

In addition to the contributions mentioned above, this study also provides a more detailed regional analysis of ECGP and identifies the main factors influencing it. These insights are essential for guiding the formulation and implementation of agricultural policies and practices.



2 Materials and methods


2.1 Research methods


2.1.1 Measurement of WF


2.1.1.1 Water footprint of grain production

Referring to studies by Baum and Bieńkowski (2020), this study defines WFGP (m3) as the total amount of water consumed during the crop growth process within a region. Since blue and green water resources can substitute for each other in agricultural production, accounting for both simultaneously aids in a comprehensive analysis of the entire water resource consumption (Sreeshna et al., 2024; Li et al., 2018). Therefore, WFGP in this study is represented as the sum of WFblue and WFgreen. This paper adopts the CROPWAT model recommended by USDA-SCS to simulate the evapotranspiration of blue and green water from crops by inputting the climatic data, crop data, and soil data in each province. Then, the WFblue and WFgreen of the different crop sub-provinces are calculated. The relevant formulas are as follows:
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In the formulas mentioned, ETgreen refers to the total amount of green water undergoing evapotranspiration during the crop growth period. ETblue refers to the total amount of blue water undergoing evapotranspiration during the crop growth period. 10 is a constant factor. y represents the yield of the crop per unit area. ETc is the crop evapotranspiration amount. Pe stands for effective rainfall (mm/d). P is the daily rainfall amount (mm/d).



2.1.1.2 Gray water footprint of grain production

The WFGPgrey refers to the amount of water required to dilute various nutrient pollutants to a certain level to bring the existing environmental water quality up to safe standards when fertilizers are applied, and pesticides are sprayed to pollute the water to a certain degree during the growth process of grain. This dilution water, which addresses the additional pollution load, is not consumed; hence, the WFGPgrey represents a type of non-consumptive water use. Considering data availability and the fact that the primary sources of pollution in grain production are fertilizers and pesticides, this study focuses solely on the negative environmental impacts of these two factors when calculating WFGPgrey (Xiao et al., 2022; Liu et al., 2022). The fertilizers runoff rate and pesticides pollution rate are calculated at 65 and 50%. According to relevant research, the allowable concentration of fertilizers and pesticides in aquatic environments is 1.7 g/L and 10 mg/L, respectively.
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Where WFGPgrey represents gray water footprint; F denotes the amount of fertilizer applied in grain production. Lf is fertilizers runoff rate. Ef represents the permissible concentration of fertilizer in the water environment. C signifies the quantity of pesticides used in grain production. Lc is pesticides pollution rate in grain production. Ec represents the permissible concentration of pesticides in the water environment. y stands for the yield of the grain.

Figure 1 shows the mechanistic linkages between WF, WFGP, WFblue, WFgreen, and WFGPgrey.
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FIGURE 1
 The mechanistic linkages between WF, WFGP, WFblue, WFgreen, and WFGPgrey.





2.1.2 Super-SBM model

Existing literature mostly uses DEA models for efficiency evaluation, including BCC (Banker - Chames - Cooper) and CCR (Chames - Cooper - Rhodes) models. However, because it does not consider the phenomenon of the factor “slack,” the measurement of its efficiency is somewhat inaccurate. To avoid this problem, this paper chooses the super-efficient SBM model used by some scholars (Tone, 2001; Han and Zhang, 2020; Qiu et al., 2022; Li et al., 2022) to measure ECGP in 31 provinces, which is shown in Equation 5.
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[image: image] represents the efficiency score of a decision-making unit (DMU), with values greater than 1 indicating superior performance beyond the efficient frontier. Inputs [image: image] refers to the resources or factors consumed in the production process. Outputs [image: image] indicates the goods or services generated from the given inputs. Adjusted inputs, denoted as [image: image], capture any excess resources used beyond what is necessary, while adjusted outputs [image: image] reflect any shortfall in the production outcome compared to the most efficient DMUs. The total number of DMUs included in the analysis is denoted by n, while m and s represent the numbers of input and output variables, respectively.



2.1.3 Tobit model

The super-efficiency SBM model calculates ECGP, characterized by efficiency values greater than 1, but with 0 as the cutoff point. The Tobit model is particularly suitable for situations where the dependent variable has zero values or the data for the dependent variable are censored. The Tobit model includes both fixed effects and random effects models. The fixed effects model lacks an estimate for the constant term, resulting in usually inconsistent estimates; meanwhile, the random effects model does not require conditions for parameter settings and demands fewer statistics. In this study, we refer to the research of related scholars who use the Tobit model, considering random effects to regress and analyze the influencing factors of ECGP in China. The model expression is as follows:
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EEit represents the ecological efficiency of grain production for province i in year t, serving as the dependent variable in the model. [image: image] is the intercept term, representing the baseline ecological efficiency when all independent variables are zero. [image: image] denotes the j-th independent variable for province i in year t, while βj is the coefficient corresponding to the j independent variable, measuring its effect on ecological efficiency. [image: image] captures the random effects specific to each province i, accounting for unobservable heterogeneity across regions. [image: image] is the error term, capturing all other random variations that are not explained by the model.




2.2 Construction of the Indicator system and selection of driving factors


2.2.1 Construction of the Indicator system

The measurement of ECGP takes into account resource consumption, economic benefits, and ecological damage during the production process. Under the guidance of eco-efficiency-related theories such as ecological economic theory, eco-agriculture theory, and sustainable development theory, this study constructs the indicator system by drawing on the existing studies on the ECGP (Song and Chen, 2019; Lu et al., 2019) and the eco-efficiency of agriculture (Wang and Zhang, 2018; Hou and Yao, 2019) and selecting the following indicators as the inputs, desired outputs and non-desired outputs of the ECGP in the present study, as shown in Table 1.



TABLE 1 Indicators selection.
[image: Table1]

In the calculation of input indicators, a generalized weighting coefficient method is applied, taking into account existing research findings and data availability. Since the statistical yearbooks only provide data for farming, forestry, livestock, and fishing as a whole, it is necessary to extract grain production-related input indicators by assigning appropriate weighting coefficients. The weighting coefficients are defined as follows: M = sown area of grain crops / total sown area of all crops, N = (sown area of grain crops / total sown area of all crops) × (agricultural output value / total output value of farming, forestry, livestock, and fishing). Each indicator is multiplied by the corresponding weighting coefficient to obtain the data specific to grain production inputs.

For the output indicators, the data for the desired output (grain output) can be directly obtained, whereas the data for the undesired output, such as carbon emissions, cannot be directly acquired and must be calculated. The carbon emissions in the grain production process primarily come from the use of fertilizers, pesticides, plastic films, agricultural diesel, and irrigation. This study follows the methods of relevant scholars (Khan et al., 2021; Li et al., 2024) and applies Equation (7) to calculate carbon emissions:
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where: Ti represents the carbon emissions from the i source. Ei refers to the quantity of the i emission source. [image: image] representing the carbon emission coefficient corresponding to the i source (Table 2).



TABLE 2 Table of carbon emission factors.
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2.2.2 Selection of impact factors

The ECGP is influenced by numerous factors. Based on a review of relevant literature (Zhou et al., 2020; Wang et al., 2022) and considering the current state of grain production and data availability across provinces, this study ultimately selects 10 influencing factors across three dimensions: economic environment, production conditions, and input intensity. The economic environment dimension includes indicators such as the level of economic development, financial support, urban–rural income disparity. Existing research suggests that regional economic growth and supportive policies tend to increase the input of production materials in grain production, thereby affecting ecological efficiency. The production conditions dimension covers the level of scale-up, the level of mechanization, the irrigation rate of grain fields, which collectively reflect the foundational and modernization level of agricultural production. The input intensity dimension includes fertilizer application intensity, pesticide application intensity, plastic film usage intensity, and grain yield per unit area. These indicators are directly associated with the environmental impact and output efficiency of agricultural production. The detailed descriptions of these variables are provided in Table 3.



TABLE 3 Indicators of impact factors.
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2.3 Data sources

This paper constructed a panel data for 31 provinces in China (excluding Hong Kong, Macao, and Taiwan) covering the period from 2000 to 2021. The data used for WF calculations were obtained from the China Meteorological Data Network, while other relevant data were sourced from the China Statistical Yearbook, the China Rural Statistical Yearbook, and the Statistical Yearbooks of each province from 2000 to 2021.




3 Results


3.1 Measuring the WFGP and WFGPgrey

The WFGP and WFGPgrey in China from 2000 to 2021 were calculated according to Equations 2–5, respectively. Figure 1 shows the changes in WFGP. It can be seen from Figure 2 that the WFGPgreen dominates the WFGP in China, accounting for more than 70%. Most of China’s farmland relies on natural precipitation to meet irrigation needs (Luo and Dong, 2023), especially in the vast rainfed agricultural areas of China, which primarily depend on natural rainfall to supply the water needed for crop growth. Although irrigation systems have been established in many areas of China, some areas still have underdeveloped or inefficient irrigation systems (Wang and Li, 2018), so a large amount of farmland still depends on natural rainfall. The minimum value of China’s WFGP appeared in 2009 at 39,829.96 m3; the maximum value appeared in 2020 at 45,434.87 m3. With population growth, increasing demand for grain, and the expansion of agricultural production, the demand for water resources has also risen, leading to a fluctuating upward trend in the WFGP. It increased from 34,849.87 m3 in 2000 to 39,223.72 m3 in 2021, with an increase of 12.55%. Compared to the overall growth trend, the WFGP saw slight declines in the periods of 2005–2009 and 2011–2015.
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FIGURE 2
 Variation of WFGP in China from 2000 to 2021 Data Source: Calculated using Equations 1–3.


Figure 3 illustrates the changes in WFGPgrey in China from 2000 to 2021. The WFGPgrey refers to the amount of freshwater required to dilute pollutants to meet environmental standards. It serves as an indicator for assessing the negative environmental effects within agricultural systems. Changes in the WFGPgrey reflect not only variations in the scale of grain production but also shifts in agricultural, environmental management, and policy. As can be observed from the figure, the WFGPgrey was relatively low in 2000 and gradually increased, reaching a peak around 2010. During this period, to ensure food security, China expanded its cultivated area and relied heavily on chemical inputs to boost agricultural yields, which, in turn, increased water demand and pollution loads. Although the government began to recognize the issue of agricultural pollution during this phase, the effects of mitigation efforts were not immediately apparent. As a result, from 2011 to 2014, the WFGPgrey neither grew significantly nor declined sharply, indicating a balance between maintaining crop yields and controlling pollution. After 2015, China began to strictly regulate the use of fertilizers and pesticides by implementing the Action Plan for Zero Growth in the Use of Pesticides and Fertilizers (Fan and Chen, 2022). With the government intensifying efforts to control non-point source pollution in agriculture, the WFGPgrey showed a clear downward trend.

[image: Figure 3]

FIGURE 3
 Variation of WFGPgrey in China from 2000–2021 Data Source: Calculated using Equations 4.




3.2 Evaluation of ECGP

The ECGP in 31 provinces from 2000 to 2021 was calculated using MaxDEA software based on Equation (6), with the results presented in Table 4.



TABLE 4 ECGP in China (2000–2021).
[image: Table4]

Based on the calculation results of ECGP from 2000 to 2021, the average efficiency was 0.673, indicating a medium level. The peak value of 0.808 was observed in 2001, while the lowest value, 0.545, occurred in 2011. As shown in Figure 4, ECGP exhibited a fluctuating pattern over the observation period, characterized by an initial decline, followed by a period of volatility, and a subsequent rebound. This trend highlights the continuous balancing act between achieving food security and safeguarding the ecological environment in the course of China’s agricultural development.
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FIGURE 4
 Variation of ECGP in China from 2000–2021 Data Source: Calculated using MaxDEA.


During 2000–2009, although the ECGP was at a relatively high level, it showed a gradual downward trend. With the government’s strong emphasis on food security, agriculture maintained a high-input, high-output production model. The extensive use of fertilizers, pesticides, and water resources increased grain outputs. However, due to Low-efficiency irrigation systems and overuse of fertilizers, pesticides, and agricultural film, water waste, and pollution were exacerbated, resulting in an increased WFGPgrey. The corresponding output increase was insufficient to compensate for this rise (Wang and Lin, 2021), resulting in decreased ecological efficiency. The ECGP also fluctuated to a certain extent during this period, which was mainly related to some sudden natural disasters, such as the frequent rainstorms that hit southern China in 2006 and the years of rare low-temperature rain and snowstorms in eastern, central, southern, and southwestern China in 2008, which caused different degrees of impacts on the agricultural production, and in turn, affected the ECGP.

During 2010–2017, ECGP declined further, with efficiency levels consistently below the average for the period from 2000 to 2021. This period marked the entry of the agricultural system into an adjustment period, facing severe challenges to the agricultural ecological environment. The long-term high-intensity production model has accumulated numerous ecological problems, such as soil degradation, water shortages, and non-point source pollution, making it difficult for the production system to maintain high efficiency. Although the government has realized the seriousness of the problem during this period and has begun to promote supply-side structural reform, attempting to limit the application of chemical fertilizers and pesticides while encouraging the adoption of eco-friendly technologies, such as water-conserving irrigation(e.g., Document No. 1 of the Central Committee of 2011 proposes the promotion of water-saving agricultural technologies), the effects of these measures have not yet been fully realized in the short term, resulting in the ECGP staying at a relatively low level. The characteristics of this period reflect the difficulties and challenges of agricultural transformation, and even with policy support, adjustments will take a long time.

From 2018 to 2021, ECGP has seen a gradual rebound and is approaching the 2000 level in 2020. This rebound trend indicates that the green agricultural policies of the previous period have begun to take effect. With the promotion of eco-friendly production methods and the widespread adoption of water-saving irrigation and precision fertilizer application technologies, agricultural production has been gradually shifting toward sustainability. In addition, the in-depth advancement of agricultural supply-side reform has prompted farmers to adopt resource-saving production methods and improve resource utilization efficiency. However, the slight fluctuation observed in 2021 suggests that the improvement of ECGP still faces challenges from the external environment, such as climate change and fluctuations in market demand. Nevertheless, the overall trend still indicates that the ECGP is moving in a stable and efficient direction (Li et al., 2022).

The seven regions of China may have significant differences in ECGP due to differences in geographic location, food production status, environmental factors and water resources (Liang and lv, 2019). Therefore, this study was organized to obtain the ECGP and its trends in the seven regions based on the above measurements, and the results are shown in Figure 5.
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FIGURE 5
 Variation of ECGP in China’s seven regions from 2000–2021 Data Source: Calculated using MaxDEA.


In terms of the level of ECGP in the seven regions, the South China region, the Northwest and areas along the Great Wall, and the Huang-Huai-Hai region are identified as areas with low ECGP. The Middle and Lower Yangtze region, Southwest region, and Tibetan Plateau are considered areas with medium ECGP. The Northeast region is identified as an area with high ECGP. Specifically:

The Northeast region has shown a significant improvement in its ECGP, with an overall efficiency increase of 17% over the 21 years. The high ECGP in the Northeast is mainly attributed to the favorable natural conditions, particularly the widespread black soil belt and relatively flat terrain, which provide abundant agricultural production resources. Additionally, the Northeast region has highly relied on agricultural mechanization in the past two decades, with its agricultural production model gradually shifting from traditional low-efficiency methods to intensive and mechanized production (Li, 2012), thus improving production efficiency and resource utilization. Furthermore, the impact of global warming has resulted in higher winter temperatures in the Northeast, with the climate zone shifting northward, significantly increasing accumulated temperatures. This has led to a substantial northward expansion of the planting areas for crops such as corn and rice. Coupled with the rise in temperature and increased heat resources, the planting area and total production in the Northeast region have greatly increased, further promoting the improvement of its ECGP.

Apart from the Northeast region, the ECGP in the other regions shows a declining trend. Among them, the South China region shows the most noticeable decrease in ECGP, which is closely related to the rapid urbanization process and land conversion in the region. Located mainly in the eastern coastal areas, South China is an important foreign trade gateway and economic development zone in China. With the expansion of cities, large areas of agricultural land have been converted to urban or industrial use, resulting in a significant reduction in the land available for agricultural production, thus lowering overall efficiency. At the same time, the region is frequently affected by natural disasters such as typhoons and heavy rainfall, which also significantly impact its ECGP.

Both the Southwest region and the Huang-Huai-Hai region show a certain decline in ECGP. The decline in the Southwest region’s ECGP is influenced by multiple factors, with land desertification being particularly prominent. The region’s complex terrain and relatively harsh climate conditions result in lower agricultural resource utilization efficiency. Additionally, due to water scarcity and an over-reliance on traditional agricultural methods, land degradation and increasing ecological pressure have posed significant challenges to the region’s agricultural sustainability (Fan et al., 2023). The decline in ECGP in the Huang-Huai-Hai region is closely related to the overconsumption of agricultural resources. Despite high food production in this region, the overuse of fertilizers and pesticides, as well as high-intensity agricultural activities, have led to soil degradation and the over-extraction of water resources, further hindering the improvement of ECGP.

In the Middle and Lower Yangtze region, despite having relatively good irrigation facilities and a mild climate, ECGP has also declined over the past 21 years. Although the region has a large-scale food production capacity, the over-reliance on fertilizers and pesticides has limited further improvements in ECGP. With the increasing use of fertilizers and pesticides, soil quality deteriorates, and the over-extraction of water resources places additional stress on the ecological environment. Despite the region’s good infrastructure and favorable climate conditions for agricultural production, there remains significant room for improvement in optimizing agricultural input structures and reducing environmental burdens.

Although the Northwest region shows relatively low ECGP, its changes have been relatively stable. The low ECGP in this region is closely related to its arid and semi-arid climate. The low level of agricultural mechanization has limited the potential for efficiency improvements, and climate change has further impacted agricultural production. Additionally, water scarcity and serious soil erosion problems have severely restricted the sustainable development of agriculture in this region.

In this section’s analysis, although the Tibetan Plateau has shown a certain upward trend in ECGP, it has not been analyzed in depth due to the region’s agricultural production being in a relatively early developmental stage. The ECGP improvements in this region rely more on ecological restoration and farmland irrigation measures rather than large-scale food production. These factors mean that the Tibetan Plateau does not occupy a central role in the overall discussion of agricultural production efficiency, and compared to other regions, it lacks more representative production models and typical problems. Therefore, this paper does not delve into its analysis.



3.3 Analysis of factors influencing ECGP

In this study, 10 factors were selected to analyze their relationship with ECGP. Since multicollinearity among explanatory variables may lead to inaccurate regression results. Therefore, the VIF method was employed to test for multicollinearity among the explanatory variables before conducting the Tobit regression analysis. The VIF statistic quantifies the extent to which the variance of a regression coefficient is inflated due to multicollinearity. Generally, a VIF value greater than 10 suggests a serious multicollinearity issue. The results (as shown in Table 5) indicate that the 10 selected explanatory variables exhibit no significant multicollinearity issues. Subsequently, the data were analyzed using Tobit regression in Stata 17, with the results presented in Table 6.



TABLE 5 VIF test results.
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TABLE 6 Tobit empirical results.
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The regression results show that the level of economic development is significantly negatively correlated with ECGP. As the economy develops, industrialization and urbanization accelerate, leading to a reduction in arable land and pressure on food production, which may also contribute to environmental pollution, affecting the ECGP. Fiscal support has a positive but not significant impact on ECGP, possibly because while fiscal support increases agricultural inputs and yield, the input–output ratio may not be ideal, or the efficiency of fiscal fund utilization is low. The urban–rural income disparity shows a positive relationship with ECGP, possibly because an increasing disparity may reduce labor costs in rural areas (Wang and Lin, 2021), thereby somewhat reducing the cost of food production and improving ECGP. The level of scale-up positively influences ECGP, which indicates that larger per capita sown areas among grain producers play a role in boosting ecological efficiency. The level of mechanization negatively affects ECGP at 1% level, meaning that an increase in mechanization levels actually results in a reduction in ecological efficiency, aligning with the findings of some scholars (Huan and Dai, 2023; Zhao and Zhou, 2020; Peng and Zhang, 2020). This may be because while increased mechanization in food production can enhance production efficiency, beyond a certain level, the incremental efficiency gains from further mechanization are less than the agricultural carbon emissions and pollution it causes, indicating that the level of mechanization in food production has exceeded a reasonable range or does not match its production scale (Xu et al., 2023). The irrigation rate of grain fields has a positive impact on ECGP, consistent with the effect prediction before empirical regression. Irrigation supplements the water resources necessary for food production, and a higher irrigation rate can better meet the growth needs of crops (Feng et al., 2021), thereby positively affecting ECGP. The intensity of fertilizer application negatively affects ECGP, likely because China’s fertilizer application intensity has exceeded a reasonable range. The excessive use of fertilizer increasingly diminishes its effect on increasing food yield but significantly increases undesired outputs, thus decreasing ecological efficiency. The intensity of pesticide application also negatively affects ecological efficiency, for reasons similar to those of fertilizer use; both have exceeded reasonable ranges, necessitating a reduction in pesticide application to decrease its intensity. The intensity of agricultural film use negatively impacts ECGP at the 1% significance level, possibly because the use of agricultural film does not significantly improve food yield but leads to certain undesired outputs, thus decreasing ecological efficiency. The grain yield per unit area positively influences ECGP, with a significance level of 1%, indicating that higher yields per unit of farmland signify increased efficiency in resource use, especially under conditions of limited water and land resources, effectively improving the overall ECGP.




4 Discussion

The WFGP shows a trend of fluctuating growth over time, with the WFGPgreen playing a dominant role, indicating that most farmlands rely on natural rainfall for irrigation. This is consistent with the conclusions of Vanham and Bidoglio (2013). Traditional water resource management methods focus only on the blue water part of the water cycle. However, Vanham (2012) and Falkenmark (2003) suggest incorporating green water into water management research. Berger et al. (2021) found that China’s total blue, green, and gray water footprints rank second globally, underlining the importance of exploring China’s water resources. Leng et al. (2020) discovered that despite China’s establishment of irrigation systems, efficiency remains low or undeveloped in some areas, leading to a continued significant dependence on natural rainfall. Additionally, this study found that the WFGPgrey continued to increase before 2010, during which grain production relied on high chemical inputs to boost yields, leading to increased water pollution loads. This is consistent with other studies (Chen et al., 2021; Cai et al., 2022), indicating that high-intensity agricultural production models are often accompanied by severe environmental costs. However, since the Chinese government launched the “Zero Growth Action Plan for Fertilizers and Pesticides” in 2015, the WFGPgrey has shown a clear downward trend, which is also confirmed by the research of Xu and Kong (Xu et al., 2022; Kong et al., 2022). The changes in ECGP reflect China’s gradual shift from an initial high-input, low-efficiency model toward a sustainable development model guided by green agriculture (Hou et al., 2021; Zhu and Li, 2023). An analysis of the ECGP in seven major regions showed that the South China region, the Northwest and areas along the Great Wall, and the Huang-Huai-Hai region had lower ecological efficiencies. Studies by Liu et al., Zhang and Li (2023) found issues such as water scarcity and land desertification in the Huang-Huai-Hai area (Liu et al., 2023; Zhu and Li, 2023), likely the main reasons for its lower ECGP. The Northeast region exhibited higher ecological efficiency, possibly due to its superior natural conditions, especially the fertile soil of the black earth region and a more concentrated mode of food production (Jin et al., 2023). The study further carried out a comprehensive analysis of the factors influencing ECGP. The level of economic development, the urban–rural income disparity, the level of scale-up, the irrigation rate of grain fields, and the grain yield per unit area had significant positive impacts on ECGP, whereas the level of mechanization, the intensity of fertilizer and pesticide application, and agricultural film usage exhibit negative effects on ECGP. These results indicate the need to balance improving grain production efficiency with ecological environmental protection to achieve sustainability in grain production (Gao et al., 2024).

Compared to traditional methods, the water footprint-based evaluation of ECGP is more suited to China’s specific national conditions and needs. It measures traditional production factors such as arable land and labor and pays special attention to water resource use efficiency. This is particularly important given the uneven distribution of water resources in China and the high water consumption in agriculture. Including WFGPgrey in the evaluation reflects the potential environmental burden of grain production, aiding in developing more environmentally friendly food production strategies. While this study offers innovation compared to existing research, it has limitations. Although the super-efficiency SBM model has significant advantages in evaluating technical efficiency, it has limitations in fully considering environmental indicators like the water footprint, especially in capturing and reflecting the diversity and complexity of environmental conditions in different regions. In addition, the resource consumption and environmental impacts of the food production process are highly complex and difficult to quantify comprehensively. Only a limited number of resource and environmental indicators were selected for analysis in this study, and thus, may not fully reflect all the impact factors. Future research should focus on optimizing the super-efficiency SBM model and incorporating more appropriate indicators to improve the analysis’s comprehensiveness and precision.



5 Conclusions and recommendations

This study calculates China’s WF using the CROPWAT model and evaluates the ECGP based on the WF, exploring the main factors affecting ECGP. The findings reveal that: (1) The WFGPgreen dominates China’s WFGP. Additionally, with population growth and increased food demand, the overall WFGP shows a trend of fluctuating growth. The WFGPgrey initially increased annually from 2000 to 2021, reaching a peak and then declining, particularly following the introduction of policies aimed at reducing pesticide and fertilizer use, which led to a substantial decrease in WFGPgrey. (2) Changes in ECGP from 2000 to 2021 reflect the country’s ongoing efforts to strike a balance between ensuring high yields and preserving the environment. These changes are divided into three phases: the high-level decline period, the adjustment period in the trough, and the rebound and stabilization period. The evolution of these three stages demonstrates a gradual transition from an initial high-input, low-efficiency model toward a sustainable development model guided by green agriculture. (3) The level of economic development, urban–rural income disparity, scale-up level, irrigation rate of grain fields, and grain yield per unit area positively influence ECGP, whereas the level of mechanization, intensity of fertilizer and pesticide application, and intensity of agricultural film use have a negative impact. While using agricultural inputs can enhance food yield, excessive or improper management may decrease ecological efficiency.

Based on the findings, this paper suggests: Firstly, in response to the varying water resource conditions across regions, efforts should be made to upgrade and improve the irrigation network to enhance agricultural water use efficiency. To this end, the government should increase investments in agricultural irrigation infrastructure, particularly in water-scarce regions such as the Northwest and Southwest, by promoting efficient water-saving technologies such as drip irrigation and strengthening the monitoring and scheduling of water resources. Furthermore, efforts should be made to enhance soil and water conservation and address pollution from agricultural water use. Secondly, it is essential to accelerate the promotion of green, low-carbon agricultural technologies and establish an ecological environment pollution monitoring system. The government should encourage farmers to adopt green agricultural technologies by providing financial support and technical training and setting up demonstration bases to improve the environmental sustainability and resource use efficiency of agricultural production. Additionally, a nationwide agricultural pollution monitoring platform should be established, focusing on fertilizer and pesticide use and agricultural waste management, to monitor in real-time and reduce the negative environmental impacts of agricultural production. Lastly, considering the regional differences in ECGP across China, it is crucial to respect the varying levels of efficiency in different regions and promote exchange and cooperation between regions. For example, the Northeast should continue to leverage its mechanization and resource advantages to promote efficient production, while South China and Southwest regions should focus on developing green agricultural technologies and ecological restoration to enhance their production efficiency. By strengthening cross-regional technological exchange and cooperation, the complementary use of resources and technologies can be promoted.
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Footnotes

1   The United Nations World Water Development Report 2024: water for prosperity and peace: https://unesdoc.unesco.org/ark:/48223/pf0000388948

2   World Bank data: https://data.worldbank.org/indicator/ER.H2O.FWAG.ZS
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