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The fundamental means of addressing the challenges concerning China’s agricultural resources and environment is to achieve green and high-quality development within the agricultural sector. In this study, we measured the level of green high-quality agricultural development (GHQAD) in China from 2003 to 2020, and used Theil index, Moran’s I and Geographic detector to reveal the evolution trend and driving factors of GHQAD in China. The results show that the development level of GHQAD in China is constantly improving while the spatial difference is decreasing, and the primary contributor to this overall variation is the intra-regional variation. The spatial distribution of GHQAD in China was positively correlated, with high concentration in eastern and central regions, and low concentration in western regions. Notably, topographic relief degree and urbanization level are the key driving factors contributing to the spatial differences in GHQAD across China. The insights gained from this study will be particularly valuable for the government decision-making processes, thereby elevating GHQAD development in China and ultimately achieving coordinated development within the agricultural sector.
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1 INTRODUCTION
The 27th UN Climate Change Conference emphasized that efforts should be made to limit the global temperature rise to 1.5°C and avoid further deterioration of the global climate environment. Climate change and environmental pollution are adversely affecting all aspects of human society (Fisher et al., 2021; Li and Zhao, 2022; Liao et al., 2023; Wei et al., 2023). Agriculture is the basis of the national economy and one of the sectors most vulnerable to climate change (Elahi et al., 2021; Li et al., 2021; Huang et al., 2023). In addition to carbon dioxide, agricultural processes emit large quantities of methane and nitrous oxide, which are 20 and 310 times more capable of contributing to global warming than carbon dioxide (Chen et al., 2020; Du et al., 2022; Huang et al., 2022). Agriculture is under tremendous pressure to mitigate climate change and feed the global population (Agovino et al., 2019; Araújo et al., 2021; Bibi and Rahman, 2023). As a populous and agricultural country, China’s level of green and high-quality development of agriculture (GHQAD) is critical to China’s food security and agricultural carbon emissions, which deserve more attention.
From reform and opening up to the present, China has garnered global recognition for its remarkable achievements in agricultural development (Huang and Yang, 2017; Qi, 2022). Notably, the total value of agricultural output has exhibited an average annual growth rate of approximately 5.3 percent (Huang, 2018). Despite possessing only 10 percent of the world’s land, China successfully sustains the nutritional needs of 22 percent of the global population (Chen et al., 2021). By the year 2022, China’s aggregate grain production has reached an impressive 1,373.1 billion kilograms, accompanied by a per capita grain output of 483 kg, surpassing the internationally acknowledged threshold for food safety by 83 kg. Nonetheless, China’s agricultural development is currently primarily characterized by an extensive management model. This approach has led to a multitude of environmental and ecological issues throughout the development process, as evidenced by previous studies (Hansen et al., 2018; Li et al., 2018; Ren et al., 2021). The bulletin of the Second National Pollution Source Census shows that in 2017, China’s agricultural chemical oxygen demand emissions (COD) were 10,671,300 tones, total nitrogen (TN) 1,414,900 tones, and total phosphorus (TP) 212,000 tones, and the respective contributions of their emissions to the total emissions were 49.77%, 46.52%, and 67.21%. The large amount of pollution emissions makes the contradiction between ecological sustainability and agricultural development day by day (Liu et al., 2021; Shen et al., 2023; Liu et al., 2020). Hence, it is now urgent for China to seek effective ways to accomplish green high-quality agriculture development and to minimize environmental damage while maintaining sustained growth in agricultural output to ensure sustainable agricultural development.
Since the 21st century, the Chinese government has launched a series of policies in the agricultural development sector aimed at promoting green practices. These measures have contributed to the ongoing development and enhancement of a comprehensive green, ecology-oriented agricultural policy support system (Huang et al., 2022). Nevertheless, regional disparities persist in the realm of the development of green agriculture across China, primarily due to variations in agricultural resource endowment, development infrastructure, and agricultural production technologies (Chen et al., 2009). Previous research has underlined the noticeable regional disparities in the development of green agriculture (Shen et al., 2018; Qi et al., 2020; Chen et al., 2021). Furthermore, it is important to acknowledge that the driving factors influencing the development of green agriculture likewise exhibit marked heterogeneity (Huang and Chen, 2023; Liu et al., 2023). In view of the regional differences mentioned above, a deeper understanding of the spatial differences and drivers of GHQAD in China is needed when studying the current status of GHQAD in China. This will promote the coordinated development of China’s agricultural sector and further enhance the level of GHQAD in China.
Current literature on GHQAD barely focuses on different key aspects. First, researchers have emphasized the importance of the GHQAD index. Many scholars have developed multidimensional evaluation systems based on the specific characteristics of the agricultural industry. Wei et al. (2018) designed an evaluation index system, encompassing 14 indicators distributed across resource conservation, environmental friendliness, eco-protection, quality, and efficiency. Their work aimed to assess GHQAD in China, aligning with the goals of ecological protection and agricultural modernization. Likewise, Wang et al. (2022) employed the entropy method to evaluate GHQAD in Jiangsu Province, focusing on economic, social, environmental, and resource aspects. Additionally, some scholars have integrated pollution generated during agricultural production into the analysis framework, incorporating endogenous growth theory. Using green total factor productivity as the evaluation index of agricultural green development quality (Rusiawan et al., 2015; Han et al., 2018; Baráth et al., 2020; Xu et al., 2020; Chen et al., 2021; Chen et al., 2022; Zhao and Tan, 2022). Other scholars have taken a sustainable development perspective, arguing that GHQAD is about promoting sustainable development in the agricultural sector (Ionescu et al., 2022; Thakur et al., 2022; Sridhar et al., 2023).
The second focus of research centers on examining regional disparities in GHQAD. Chen et al. (2023) highlighted significant regional distinctions in green total factor productivity rankings in China’s four major regions. They found that these rankings, from high to low, are the east, central, northeast, and west. Xiao et al. (2022) found that green total factor productivity in the agricultural sector showed a decreasing trend from east to west. Zhang et al. (2023) found that GHQAD moved from eastern and northeastern provinces to central and western provinces, showing an obvious trend of high concentration characteristics.
Thirdly, research into the driving factors of GHQAD has been a prominent area of study. Scholars have suggested that factors like the digital transformation of agriculture (Shen et al., 2022), environmental regulations (Kamp et al., 2016; Fan et al., 2022; Liu et al., 2022; Du et al., 2023; Liu et al., 2023), and technological innovations in agricultural production significantly enhance GHQAD (He et al., 2021; Liu et al., 2021). Other research has underscored the impact of natural elements, such as climate change and green development (Arora, 2019; Ortiz-Bobea et al., 2021; Song et al., 2022). Additionally, researchers have delved into various influential factors like international trade (Adom et al., 2018; Edeh et al., 2021; Li et al., 2021), crop insurance (Ma and Lai, 2021), human capital (Wang et al., 2021; Li et al., 2022), and digital financial inclusion (Xiao et al., 2023) and pesticide use (Anani and Adetunji, 2021; Ganguly et al., 2021; Singh et al., 2021).
Despite the theoretical groundwork laid by existing literature, there remain certain deficiencies that this study aims to address. First, the existing indicator system mostly evaluates green agriculture development from an environmental perspective and an economic perspective, and is unable to comprehensively measure the level of green agriculture development. Therefore, this study constructs an evaluation index system for GHQAD based on the new development concept, Scientific evaluation of China’s GHQAD in five dimensions. Second, the existing literature has not explored the spatial differences in green agriculture development, and relies more on traditional regression models when studying the drivers of GHQAD, ignoring the influence of spatial differences. Based on this, this study explores the spatial differences and spatial correlations of GHQAD in China using Theil and Moran’s I, and utilizes Geographic detector (GD) to reveal the sources of spatial differences in GHQAD in China. Targeted policy recommendations are proposed while filling the existing research gaps so as to enhance China’s GHQAD.
The following is the structure of the remaining studies. Section 2 introduces the research methodology, data sources and indicator system. Section 3 describes the empirical results. Section 4 presents the discussion. Section 5 describes the main conclusions and policy implications.
2 METHODOLOGY
As shown in Figure 1, this paper measures the level of GHQAD by entropy method. The spatial differences are measured by the Tel index. Spatial correlation is measured through Moran’s index. Driving factors are measured through Geographic detector.
[image: Figure 1]FIGURE 1 | Methods of this study.
2.1 Methodology
2.1.1 Entropy method
The entropy method can determine the indicator weights according to the dispersion of each indicator’s values, and as an indicator’s dispersion increases, it is weighted more heavily in the comprehensive evaluation (Zhou et al., 2017; Wang et al., 2022). In contrast to the subjective assignment method, the entropy method offers a means to circumvent the influence of human factors during the determination of weight coefficients (Chen et al., 2021). Following is the specific calculation process. Firstly, the original data are dimensionless using the extreme value method, and the calculation process is shown in Eqs 1, 2, respectively. Secondly, the weight of the indicator [image: image] in the year [image: image] is calculated using Eq. 3. Equation 4 is the calculation process of indicator entropy. The calculation process of the coefficient of variation is shown in Eq. 5. Finally, the weights [image: image] are calculated and the comprehensive score of each province is derived, and the calculation process is shown in Eqs 6, 7.
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Where [image: image] is the standardized indicator value, [image: image] denotes the weight of indicator [image: image], as shown in Eqs 2, 3. [image: image] indicates the initial value of indicator [image: image] in province [image: image], and [image: image] and [image: image] mean the min and max values of indicator [image: image]. [image: image] is the information entropy value of indicator [image: image], [image: image] denotes the coefficient of variation of indicator [image: image], and [image: image] represents the GHQAD in each province of China.
2.1.2 Theil index
The Theil index, pioneered by Theil and based on the concept of entropy, has evolved into a vital method for investigating regional disparities (Bourguignon, 1979; Shorocks, 1980). This index facilitates the breakdown of overall differences into two crucial components: intra-group differences and inter-group differences. By doing so, it uncovers the respective trends and contributions of these components to the overall differences, as illustrated in Eq. 8 below.
[image: image]
[image: image] denotes the Theil index of the GHQAD, and [image: image] and [image: image] are the intra-regional and inter-regional differences of GHQAD, respectively. Divide [image: image] provinces into [image: image] regions, let the region [image: image] contain [image: image] provinces. [image: image] represents the proportion of the GHQAD in group [image: image] to that in China. [image: image]. The smaller the value of [image: image], the smaller the inter-region differences, and vice versa, the larger the differences.
2.1.3 Exploratory spatial data analysis
The Moran’s I is a pivotal metric for assessing spatial correlation and is a primary tool in exploratory spatial data analysis (Legendre, 1973). This index encompasses both the global Moran’s I and the local Moran’s I. The global Moran’s I, which are depicted in Eqs 9, 10.
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As can be seen from the two equations, [image: image] and [image: image] are the regional GHQAD. [image: image] is the mean value of the GHQAD in all regions, [image: image] is the spatial weight matrix between regions. [image: image] is the sample variance, and [image: image] is the number of regions. The distribution interval of [image: image] is [-1,1], and the closer the value is to 1, the higher the spatial clustering of the variables. The closer it is to −1, the higher the spatial dispersion of the variables. [image: image] indicates a random distribution in space. In addition, according to the size and direction of the local Moran’s I, the thirty provinces in China can be classified into four types, including high-high (H-H) agglomeration, low-high (L-H) agglomeration, low-low (L-L) agglomeration, and high-low (H-L) agglomeration, which are located in the first, second, third, and fourth quadrant of the two-dimensional spatial map, respectively.
2.1.4 Geographic detector
GD has the capacity to ascertain not only the magnitude of each factor’s influence but also the interactions among these factors (Feng et al., 2020). Furthermore, unlike conventional statistical techniques, this method is impervious to multicollinearity among independent variables and does not necessitate linear assumptions (Ding et al., 2019). Factor detection was employed to gauge the degree to which the independent variable clarifies the spatial variability in the dependent variable, as illustrated in Eq. 11 below.
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Where [image: image] represents the intensity of the difference of each driving factor and its value is between 0 and 1, and the larger the value of [image: image], the stronger the explanatory power of the independent variable. [image: image] is the number of provinces, [image: image] indicates the number of provinces classified as [image: image], [image: image] is the variance of GHQAD values of 30 provinces; [image: image] is the variance of GHQAD for the province classified as [image: image].
The utilization of interaction detection aims to evaluate the impact of the interaction between any two influences strengthens or weakens the extent to which they explain spatial variation in the GHQAD.
2.2 Data description
GHQAD is led by green development, with innovation as the main means and balanced and open development as the main purpose. It is characterized not only by large-scale production and industrial integration, but also by the need to achieve significant changes in the quality of agricultural development (Jin et al., 2023). Refer to previous studies (Wei et al., 2018; Chena et al., 2022; Cui et al., 2022; Wang et al., 2022), a GHQAD system was established in this paper (Table 1), and the study area is divided into three regions: East, Centre and West1 (Figure 2). The data used are from China Statistical Yearbook, China Rural Statistical Yearbook, China Agricultural Yearbook, China Population and Employment Statistical Yearbook and National Bureau of Statistics (NBS).
TABLE 1 | Index system for GHQAD.
[image: Table 1][image: Figure 2]FIGURE 2 | Regional division.
3 RESULTS
3.1 Characteristics of spatial and temporal distribution
3.1.1 Analysis of time evolution
Table 2 presents the average GHQAD values at both the national and regional levels from 2003 to 2020. Nationally, a noticeable upward trend is observed in GHQAD. The elimination of agricultural taxes in 2006 further reduced the cost of agricultural production in China. This led to increased agricultural business efficiency, and enhanced agricultural production efficiency, all contributing to the betterment of GHQAD. Regionally, GHQAD has improved in all three major regions, although the degrees of improvement vary. Specifically, GHQAD in the eastern region increased from 0.365 in 2003 to 0.371 in 2020. The central and western regions have risen to 0.340 and 0.311, respectively. Although there is an obvious gap with the eastern region, the central and western regions have developed at a faster pace, indicating that the GHQAD in the central and western regions has a greater potential for development.
TABLE 2 | Results of the GHQAD.
[image: Table 2]3.1.2 Analysis of spatial evolution
For a more comprehensive understanding of the spatial distribution pattern of GHQAD in China from 2003 to 2020, this study employed the ArcGIS platform to visualize the spatial distribution of GHQAD at five key time points: 2003, 2007, 2011, 2015, and 2020, as depicted in Figure 3. Overall, the GHQAD in China displays a progressive decline from east to west and the development gap between the three regions is gradually narrowing. In 2003, higher levels of GHQAD were primarily concentrated in eastern regions. This concentration can be attributed to factors such as geographical location, economic development, and supportive policies for the agricultural industry. In 2007, GHQAD increased from medium to high levels in Shandong, Inner Mongolia, Fujian, and Heilongjiang, and from low to medium-high levels in most provinces in the central region. Compared with 2007, GHQAD in Jilin and Liaoning provinces rose to high levels in 2011, with no significant change in GHQAD levels in the central and western provinces. Subsequently, the level of GHQAD in the central and western regions further increased during the 2015–2020 period. Thus, China’s GHQAD levels in general show a clear trend of improvement.
[image: Figure 3]FIGURE 3 | Spatial pattern of the GHQAD.
3.2 Characteristics of spatial differences
Figure 4 presents an overview of the spatial differences and their respective contribution rates to GHQAD in China. It is observed that the overall differences in the GHQAD show a fluctuating downward trend. Specifically, according to Figure 4A it first rises from 0.028 in 2003 to 0.031 in 2005, and then declines from 0.027 in 2006 to 0.011 in 2020. The reason is that with the deepening of the Poverty Alleviation Strategy, the conditions of agricultural production in the backward areas have been greatly improved, and the technological innovation capacity of agricultural production has been significantly enhanced, which makes the GHQAD in lagging areas rapidly rising. This has effectively narrowed the spatial differences in the GHQAD in China. As shown in Figure 4B, the trends in the inter- and intra-regional differences are generally consistent with those of the overall differences, decreasing to 0.003 and 0.008, respectively. Except for 2006, Intra-regional differences have always contributed more to overall differences than inter-regional differences. The key to resolving the spatial imbalance in the GHQAD in China, therefore, lies in narrowing the intra-regional disparities among the three major regions.
[image: Figure 4]FIGURE 4 | The spatial differences in the GHQAD.
3.3 Spatial correlation analysis
3.3.1 Global Moran’s I
Table 3 presents the global Moran’s I for GHQAD in China spanning the years 2003–2020. While there’s a fluctuating and decreasing pattern in the global Moran’s I of GHQAD, it is noteworthy that the mean value remains quite high at 0.388. This indicates the persistence of a substantial spatial agglomeration effect within GHQAD across China.
TABLE 3 | The global Moran’s I of the GHQAD.
[image: Table 3]3.3.2 Local Moran’s I
In order to further present the relationship between the GHQAD in each province and its neighbor, this study adopted Moran’s I. Results are shown in Figure 5. Overall, most provinces are H-H agglomeration or L-L agglomeration, with significant spatial positive autocorrelation characteristics, in line with previous global Moran’s I results. Specifically, H-H agglomeration is mainly distributed in the eastern regions. The eastern region has a higher level of science and technology, which is conducive to improving the GHQAD level. At the meantime, these regions can also drive the GHQAD in the neighboring regions through the spatial spillover effect. The L-L agglomerations is mainly located in the central and western regions. The central and western inland regions, which are significantly behind the eastern regions in terms of economic development and sexual capacity, have a relatively low GHQAD. L-H agglomerations are mainly located in provinces such as Shanxi, Anhui, and Ningxia. Compared with the neighboring provinces, they have a lower level of GHQAD. For the purpose of improving the GHQAD, it is essential to actively use the spatial spillover effect of neighboring provinces so as to enter the H-H agglomeration area. The distribution of H-L agglomerations is primarily concentrated in the provinces of Shandong, Guangdong, Fujian, and other regions. Compared with neighboring provinces, they have a higher level of GHQAD, but they do not show strong spatial spillover effects and cannot drive GHQAD in neighboring provinces.
[image: Figure 5]FIGURE 5 | Spatial agglomeration for the GHQAD.
3.4 Driving factors
3.4.1 Variable selection
Based on the above findings, there is some spatial variability in the GHQAD in China. Therefore, this study used GD to detect the factors and interactions that drive the spatial variability characteristics of the GHQAD in China. Referring to existing research (Liu et al., 2021; Wang et al., 2021), this study selected nine indicators as explanatory variables from two dimensions: natural conditions and socio-economic conditions. Among them, the explanatory variables under the dimension of natural conditions include three indicators, namely, average annual precipitation ([image: image]), average annual temperature ([image: image]) and topographic relief ([image: image]). The explanatory variables under the dimension of socio-economic conditions include the level of urbanization ([image: image]), the advanced industrial structure ([image: image]), the rural Gini coefficient ([image: image]), the intensity of investment in environmental pollution control ([image: image]), the level of scientific and technological development ([image: image]), and the degree of opening up ([image: image]). Among them, the urbanization rate measures [image: image]. [image: image] is measured by the proportion of secondary and tertiary industries’ output value. [image: image] is expressed as the internal rural Gini coefficient. [image: image] is represented as the proportion of regional investment in environmental pollution control to regional GDP. [image: image] is expressed by the proportion of R&D expenditure. [image: image] is measured by the proportion of actual utilized foreign investment to regional GDP.
3.4.2 Single factor detection
Considering that the intensity of the driving effect of each factor may change over time, this study took 2003, 2007, 2011, 2015 and 2020 as the time points, and the results are shown in Table 4. Overall, the driving effect of [image: image] and [image: image] on the spatial differences of the GHQAD in China is relatively stable and at the top. Especially, the driving effect of [image: image] is always at the top, indicating that [image: image] is the dominant factor influencing the spatial differences in the GHQAD. Before 2011, the driving role of [image: image] gradually declined. After 2011, its driving role increased significantly and became the primary factor influencing the spatial difference of the GHQAD in 2020. The driving role of [image: image], [image: image] and [image: image] is in a declining trend. Among them, [image: image] dropped to the sixth place in 2020. [image: image] fallsto the ninth in 2020, while that of [image: image] fluctuates greatly. [image: image] is always ranked at the bottom of the driving factors, which suggests that its role in driving spatial differences in the GHQAD is weak. The rankings of the driving factors of [image: image], [image: image] and [image: image] are more stable. With the exception of a few years, [image: image] and [image: image] are in the middle or lower rankings, indicating that natural factors are a relatively weak driving factor of spatial differences in the GHQAD in China compared with socioeconomic factors.
TABLE 4 | The results of single-factor detection.
[image: Table 4]3.4.3 Interaction detection
On the basis of the single factors driving analysis, the interaction detection function was used to analyze the intensity of the effect of the interaction between driving factors on the spatial differences in the GHQAD in China and the type of interaction. Figure 6 shows the top ten interactions among factors. In 2003, the interaction between [image: image] and [image: image] is larger. In 2007 and 2011, the interaction between [image: image] and [image: image], and the interaction between [image: image] and [image: image] are the top factors. In 2015 and 2020, the interaction between [image: image] and [image: image], and the interaction between [image: image] and [image: image] emerges as a prominent determinant, respectively. In terms of the intensity of the interaction factors, the interaction between [image: image] and [image: image] among the natural factors, [image: image], [image: image] and [image: image] among the socio-economic factors and the other factors is stronger. The interactions between [image: image] in the natural factors and [image: image] in the socio-economic factors and other factors gradually increased, while the interactions between [image: image] and [image: image] and other factors are weakened. In addition, the interaction of any two driving factors increases the role of a single factor in driving differences in the GHQAD in China within each time point.
[image: Figure 6]FIGURE 6 | Intensity of interaction between factors.
4 DISCUSSION
GHQAD is crucial for China to ensure food security and realize the goals of “peak carbon” and “carbon neutrality.” Therefore, this paper takes 30 provinces in China as the research object, establishes the evaluation index system of GHQAD, and studies the spatial and temporal evolution trend of GHQAD. And its driving factors. By comparing and discussing the results of this paper with those of previous studies, it can help each region in China formulate strategies in line with its actual situation, thus promoting the coordinated development of GHQAD. At the same time, it can also serve as a reference for other countries or regions to enhance their own GHQAD level. The differences between the findings of this paper and those of previous studies are mainly focused on the driving factors.
The study found that the overall level of GHQAD in China has been increasing, and spatial variability has been decreasing. Among them, the eastern region has the highest level of GHQAD, followed by the central region, and the western region has the lowest. Intra-regional variation was the main cause of the overall variation, and there was a significant positive spatial correlation between regions. This is consistent with the findings of Xiao et al. (2022) and Zhang et al. (2023).
Among the drivers of GHQAD, this paper finds that topographic relief and urbanization are critical to the spatial variation of GHQAD in China and that the interactions between natural and socio-economic factors such as average annual precipitation, average annual temperature, urbanization, industrial structure sophistication, and investment in environmental pollution control have a great impact on the spatial variation of GHQAD. This is similar to the findings of Arora (2019) and Ortiz-Bobea et al. (2021). However, the study by Liu et al. (2021) identified innovation in agricultural production technology as a significant reason for enhancing the level of GHQAD, which is different from the main drivers identified in this paper. The reason for this is that Liu et al. (2021) measure the level of China’s GHQAD through the green total factor productivity in agriculture, which focuses more on the inputs and outputs of agriculture in the selection of evaluation indexes, which is not complete enough and fails to fully consider the connotation of GHQAD.
5 CONCLUSION AND POLICY IMPLICATIONS
5.1 Conclusion
The key findings of this study are summarized as follows. First, GHQAD in China and each regions exhibited an overall upward trend, with the eastern region consistently leading. This progress follows an east-to-west pattern, where high-level GHQAD areas are spatially concentrated, showcasing distinctive “point-slice” development characteristics. Second, the spatial differences in GHQAD, as indicated by the Theil Index, have been decreasing, with intra-regional disparities being the primary source of overall differences. Third, The Moran’s I findings reveal a noticeable positive spatial correlation within GHQAD in China. Many regions show a tendency toward H-H agglomeration and L-L agglomeration. H-H agglomeration is chiefly observed in the eastern region and some grain-producing provinces, while L-L agglomeration is concentrated in the central and western regions. Finally, factor detection results indicate that topographic relief and urbanization play pivotal roles in driving the spatial differences in GHQAD in China, with a more substantial impact. Interaction detection results emphasize that interactions between specific natural and socio-economic factors, such as average annual precipitation, average annual temperature, urbanization, advanced industrial structure, and investments in environmental pollution control, exert a strong influence on spatial differences in GHQAD. Notably, the interactions among these driving factors enhance the role of individual factors in driving these spatial disparities in GHQAD across China.
5.2 Policy implications
This study argues that in advancing GHQAD, whether for China or other countries, it is imperative to direct attention towards not solely enhancing “points”, but also achieving a harmonized advancement of “surfaces”, so as to realize the synergistic improvement of China’s GHQAD across regions. On the basis of the findings above, it is recommended that the following actions be taken.
First, we should pay attention to the problem of insufficient GHQAD in China and tap its development potential. Given that the overall development level of GHQAD is lagging behind, all regions should explore their own development strengths and vigorously promote GHQAD. The eastern region should make full use of favorable conditions such as economic strength, consumption capacity, and science and technology level to promote the continuous improvement of GHQAD. The central and western regions should fully consider the advantages of their own natural resources endowment, and national policies should be tilted to such regions to realize the balanced development of GHQAD.
Second, understanding the spatial differences and spatial relevance of the GHQAD in China holds paramount importance. Accordingly, the pursuit of GHQAD that is both environmentally sustainable and of superior quality should be undertaken, taking into account the specificities of each locality. The eastern region will provide technical and financial support to the central and western regions while utilizing its existing advantages to promote further improvement of its own GHQAD level. Provinces in the central and western regions should make the most of the spatial spillover effect of the GHQAD in the eastern region by combining the natural conditions and geographical advantages, in order to enhance their own green agricultural development capacity.
Third, attention should be paid to the key driving factors affecting spatial differences in the GHQAD in China. As provinces continue to promote their own urbanization, they should clearly recognize the synergistic enhancement of GHQAD through the interaction of various factors. Provinces should take full advantage of the interaction between factors which surpasses the influence exerted by their individual driving forces. The synergy between natural and socio-economic factors should be utilized to accelerate the GHQAD in China in a balanced manner.
5.3 Limitations
However, the evaluation indicators developed in this study still do not adequately capture the connotation of GHQAD, primarily due to constraints in data acquisition resources. Therefore, further improvement of the relevant indicators is needed. In addition, the significant variations in agricultural production technology, operational modes, and the basis of agriculture across different regions of China necessitate the adoption of distinct paths for GHQAD in each respective region. In the future, the research object can be specific to a particular region in order to obtain more realistic and instructive conclusions.
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FOOTNOTES
1East includes Beijing, Tianjin, Hebei, Liaoning, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong, and Hainan. Centre includes Shanxi, Inner Mongolia, Jilin, Heilongjiang, Anhui, Jiangxi, Henan, Hubei, and Hunan. West includes Guangxi, Chongqing, Sichuan, Guizhou, Yunnan, Shaanxi, Gansu, Qinghai, Ningxia, and Xinjiang.
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