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Sustainable production is considered as an important approach to solve the dilemma of food insecurity. Green technologies have made contributions to improving food production and reducing environmental pollution. Studying the effects of green technologies on sustainable food production has great significance. The paper started with the influence mechanism of green technology application on the green total factor productivity of grain (GTFPG). With the GTFPG, green technology efficiency change of grain (GECG) and green technical progress change of grain (GTCG) measured, threshold models were constructed to explore the nonlinear impacts of various green technologies on GTFPG and the influence paths. Results indicated that the differences of GTFPG among provinces in China were decreased mainly due to the changes of GTCG, while the regional differences of GECG remained small. The impacts of green technologies had threshold effects that depended on the ecological effects of green technologies in different application stages, and were significantly different in the major and non-major grain producing areas. Meanwhile, significant differences existed in the influence paths of green technologies. In the major grain producing areas, green technologies were more likely to improve GTFPG through the GTCG path; while in the non-major grain producing areas, the GECG path and the GTCG path were both important to improve GTFPG. The differences of green technologies’ threshold effects and influence paths in the major and non-major grain producing areas were caused by regional technology preference, resource endowment and technology compatibility. This study emphasizes that the development of green technologies should fully consider the resource endowment and economic development of different regions, as well as the applicability and adoption rate of green technologies.
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1 Introduction

Sustainable food security has been the foundation for global economic and social development. From Millennium Development Goals (MDGs) proposed by the United Nations to Sustainable Development Goals (SDGs), the focus of food security has shifted from extreme poverty and hunger to food security and nutrition improvement within the framework of sustainable agriculture (UN, 2001; UN, 2015; Clapp et al., 2022). However, shocks from pandemics, conflicts, natural disasters, climate change, and energy crisis have intensified the risk of global food insecurity (FSIN, 2022; Li and Song, 2022), further frustrating the progress of SDGs 1 and SDGs 2 (FAO et al., 2022).

In the complex natural, economic and social environment, sustainable production is considered as an important way out of food insecurity dilemma (Rahman et al., 2021; ECOSOC, 2022). Extensive management of traditional agriculture features high resource input and high energy consumption (Jin et al., 2012; Nagothu, 2018). Its pursuit of maximized output has brought about resource waste, land overdraft, non-point source pollution, greenhouse gas emissions, etc. (Shen et al., 2018; Li and Lin, 2022), especially in Asia, where extensive agricultural production mode is expected to increase greenhouse gas emissions by 37% in 2050 (Frank et al., 2019). Sustainable agriculture highlights the use of advanced technologies and management to ensure the quality of agricultural products and ecological security, and improve comprehensive economic benefits (Liu et al., 2020; Guo et al., 2022a). It takes into accounts economy, society and environment (Elkington, 1994; Purvis et al., 2019), and strikes a balance between agricultural development and environmental sustainability (Shah et al., 2021).

With the wide application of total factor productivity analysis in agricultural development (Liu and Feng, 2019), especially the proposal of green total factor productivity (GTFP), researchers can better measure and study sustainable development of agriculture (Chen et al., 2021). GTFP is also regarded as an ideal indicator for studying sustainable development of agriculture (Chen et al., 2021; Liu et al., 2022). GTFP takes the negative impact of agricultural production on the environment as an undesirable output (Tugcu and Tiwari, 2016; Yu et al., 2022), and incorporates it into the calculation framework. Stochastic Frontier Analysis (SFA) and Data Envelopment Analysis (DEA) are the main methods to measure GTFP (Tang et al., 2017; Shi and Li, 2019; Baležentis et al., 2021). DEA does not rely on the form of production function, and can be adapted to the efficiency calculation of complex systems with multiple input and output variables (Johnes, 2015; Song et al., 2018; He et al., 2021). Considering the diversity of factor inputs and undesirable outputs in agricultural production, DEA method is more suitable for measuring GTFP (Liu and Feng, 2019).

As to the improvement of GTFP, current research mostly discusses it from the perspective of output side and input side. The first is to increase agricultural output and reduce undesirable output at the output end. For example, relevant studies believe that environmental regulation can reduce unexpected output, thereby improving green production efficiency (Xie et al., 2017; Tang et al., 2022). The second is to reduce the use of pollutants at the input side and improve the utilization efficiency of energy chemicals. The innovation of physicochemical technology can improve the utilization efficiency of input factors such as chemical fertilizers and pesticides (Wang et al., 2021a). The promotion of green technologies (or clean technologies) can optimize the allocation of production factors, reduce the use of pollutants such as chemical fertilizers and pesticides, and effectively improve the conversion efficiency of energy chemicals (Midingoyi et al., 2018; Eanes et al., 2019). In sustainable agriculture practice, improvement of agricultural production efficiency through green technologies has drawn much attention (Shah et al., 2021; Rahman et al., 2021). Green technologies are involved in all sectors of grain production, processing, storage and transportation (MARAPRC, 2018). Among them, green technologies in the production link include that in plowing, sowing, fertilization, irrigation, etc. (Midingoyi et al., 2018; He et al., 2021; Mao et al., 2021; Zhao et al., 2021). These green technologies have played a significant role in improving grain production and reducing greenhouse gas emissions and non-point source pollution (Zhuang et al., 2019; Zhu et al., 2021; Chen et al., 2022).

With the greatest population, China has made remarkable progress in the continuous improvement of agricultural production value and grain output (Liu and Feng, 2019), achieving food security for 18% of the world’s population with only 9% of the world’s arable land and 6% of the world’s water resources (Wang et al., 2018). With the increasing pressures of population growth, resource shortage, carbon emissions and environmental destruction, the green production of grain has been an important approach to achieve sustainable food security in China (Rahman et al., 2021; ECOSOC, 2022). However, literatures on the green production of grain are still relatively insufficient, especially in green productivity estimation and its influencing factors. The existing researches showed that China’s green productivity of grain shows a trend of fluctuating growth (Xue and Gu, 2022), which was affected by agricultural labor force, technological innovation, storage policy and other factors (Wang and Yang, 2020; Gao, 2022; Li and Lin, 2022). Nevertheless, China’s agriculture is dominated by extensive management, and agricultural development and food security are achieved at the cost of high energy consumption and serious environmental pollution (Yang et al., 2018). Compared with the mechanized production and industrialized operation in developed countries such as the United States, China’s grain production features small-scale farmers (Guo et al., 2022b), a lower degree of mechanization (Qiu and Luo, 2021), and large gap in relevant technical level and management experience with those countries (Si et al., 2021). This leads to the negative impact of China’s agricultural mechanization on energy-environment efficiency (Jiang et al., 2020). There is a long-term correspondence between the improvement of agricultural mechanization and increase of energy consumption and carbon emissions (Fabiani et al., 2020), the application of green technologies in agricultural mechanized production is of great significance for improving GTFP (Li et al., 2020; He et al., 2021).

Actually, the impacts of technology application on GTFP are nonlinear (Luan et al., 2019; He et al., 2021). Due to the lag effect of technology application (Mao et al., 2021), green technologies can only play a role in increasing production, improving environment and reducing pollution after a period of application (Huisingh et al., 2015; Chen et al., 2017; Gao et al., 2018).When machinery and energy are overused, the continuous application of green technology will also lead to low productivity and increased carbon emissions (Silva-Olaya et al., 2013; Zhao et al., 2018; Min et al., 2021), that is, the impacts of green technology application on GTFP has a threshold effect. As an important part of agricultural modernization (Houssou et al., 2013), mechanization has made great contributions to China’s food security (Min et al., 2021; Yang et al., 2022a). The application of green technologies in agricultural mechanization also has threshold restrictions. Appropriate application conditions and adoption rates will promote green production (Zhang et al., 2020; He et al., 2021), while inappropriate conditions and excessive application will also have negative impacts on the environment (Min et al., 2021; He et al., 2021). Therefore, studying the threshold impacts of green technologies on grain green productivity in agricultural mechanization has great significance (He et al., 2021), which is very scarce and necessary.

The main contributions of this paper are as follows: according to the difference of ecological effects, the application of green technology was divided into the initial development stage, the ecological efficiency stage and the overuse stage, so as to build a mechanism framework of the nonlinear effects of green technology application on the green total factor productivity of grain (GTFPG); it took carbon emissions and non-point source pollution as undesirable output, and used the Super Epsilon Based Measure (Super-EBM) model and the Global Malmquist Lunberger (GML) productivity index to calculate the GTFPG, the green technology efficiency change of grain (GECG) and the green technical progress change of grain (GTCG); the correlations between GTFPG and green technologies were analyzed with pattern evolution, kernel density curve and box plot; by matching the ecological effects of green technologies in different application stages with their threshold results, we could better comprehend the nonlinear effects of green technologies on GTFPG; besides, the paper investigated the different influence paths of various green technologies on GTFPG in the major and non-major grain producing areas, and revealed that regional technology preference, resource endowment and technology compatibility diversified the influence paths of green technologies. The paper highlights the threshold effect of green technology application on GTFPG. Therefore, the development of green technologies should take into full account the productivity, resource endowment of different regions, and applicability of green technologies. Adoption rate of green technologies should be reasonably controlled. It is hoped that this paper will provide theoretical basis and practical experience for sustainable development of grain in China.



2 Materials and methods


2.1 Green total factor productivity and its decomposition

GTFP has been widely used as an ideal index to measure agricultural green development (Chen et al., 2021; Chen et al., 2021; Liu et al., 2022). To calculate GTFP, first green production efficiency is obtained through DEA, and then GTFP and its decomposition (GECG and GTCG) are obtained through GML productivity index.


2.1.1 Green productivity

The production frontier function of DEA model may be parallel to the coordinate axis, resulting in disparities between the DMU falling on these parallel functions and the strong effective target value, including the Proportionate Movement part and the Slack Movement part. However, the radial DEA model can only solve the Proportionate Movement part, which leads to the deviation of the efficiency measurement value. Therefore, the non-radial DEA model can fully consider the Slack Movement part, realize the compatibility of the Proportionate Movement part and the Slack Movement part, and ensure the original information of the efficiency frontier’s projection values (Cheng, 2014). Therefore, the paper chooses the Epsilon Based Measure (EBM) model constructed by Tone and Tsutsui (2010) to measure green productivity. Meanwhile, in order to distinguish the differences between decision-making units (DMUs) with the same efficiency of 1, the paper finally follows the research methods of Wu et al. (2020) and Zhao et al. (2022), and uses the Super-EBM model to calculate the green productivity of grain. The Super-EBM model can be expressed as:

 

 

where   represents the value of green productivity of grain; xij is the input variable matrix, with specific indicators including planting area, fertilizer, pesticide, agricultural film, diesel oil, seed, electricity for irrigation, labor and machinery (Liu and Feng, 2019; He et al., 2021; Li and Lin, 2022); yrj represents the desirable output, which is expressed in grain production; vtj represents the undesirable output, including carbon emissions and non-point source pollutions (the measurement of carbon emissions follows the methods of Liu et al., 2013 and Chen et al., 2021; and the measurement of non-point source pollutions follows the methods of Chen et al., 2006 and Zou et al., 2020);  ,   and   are slacks of inputs, slacks of desirable outputs and slacks of undesirable outputs respectively;   ,   and   represent the relative importance of various input indicators, desirable outputs and undesirable outputs, with   ,   and   ; θ represents the efficiency value under input orientation; φ represents the efficiency value under output orientation; ε is the importance of the non-radial part, ε∈  [0, 1].



2.1.2 Global malmquist-luenberger productivity index

In order to better reflect the change state of productivity, this paper measures the green total factor productivity of grain (GTFPG) with the help of the Global Malmquist Lunberger (GML) index proposed by Oh (2010) based on the calculation of green productivity by the Super-EBM model, and decomposes it into the green technology efficiency change of grain (GECG) index and the green technical progress change of grain (GTCG) index, then GTFPG = GECG×GTCG. GTFPG, GECG and GTCG can be expressed as:

 

 

 

where the values of GTFPG, GECG and GTCG are greater than 0; when GTFPG > 1, means the GTFPG increases; on the contrary, means the GTFPG decreases. The values of GECG and GTCG have the same meaning.




2.2 Green technologies and the mechanism of their impacts


2.2.1 Selection of green technologies

Based on the research of He et al. (2021) and Zhai et al. (2021), this study selects six green technologies from plowing, sowing, fertilization and irrigation in agricultural mechanized production. They are the mechanical deep-plowing and subsoiling (MDPS) in plowing stage, the precision and small quantity sowing (PSQS) and mechanized no-tillage sowing (MNTS) in sowing stage, the mechanized straw returning(MSRE) and mechanical fertilizer deep distributing (MFDD) in fertilization stage, and the water-saving irrigation (WSIR) in irrigation stage. Application of green technologies requires certain conditions. Suitable conditions and appropriate adoption ratio will promote their ecological effects (Gao et al., 2018; Zhang et al., 2020; He et al., 2021), while mismatched conditions and excessive application will have a negative impact on the environment (Zhao et al., 2018; Wang et al., 2020a; Min et al., 2021; He et al., 2021). The application conditions (Yang et al., 2019; CPGPRC, 2007; Duan et al., 2022a; Yin et al., 2016; Tian et al., 2019; Zhao et al., 2020; Wang, 2021; Chen et al., 2022; Zhuang et al., 2019), ecological effects (CPGPRC, 2007; Shao et al., 2016; Wang et al., 2015; Wang et al., 2020a; Chen et al., 2020; Karayel, 2009; Li et al.,2015; Chaudhary et al., 2021; Keshavarz Afshar and Dekamin, 2022; Zhang et al., 2022; Sun et al., 2018; Hu et al., 2022; Zhu et al., 2021; Zhong et al., 2021; Wu et al., 2021; Gaihre et al., 2015; Miah et al., 2016; Man et al., 2014; Wang et al., 2020b; Zhuang et al., 2019) and negative impacts (Baumhardt et al., 2008; Ding et al., 2018; CPGPRC, 2007; Chen et al., 2022; Rahim et al., 2021; Peixoto et al., 2020; Sun et al., 2022; Pisante et al., 2014; Wang et al., 2021b; Wang et al., 2021a; Li et al., 2018; Hu et al., 2022; Yang et al., 2020; Zhao et al., 2021; Xia et al., 2022; Zhuang et al., 2019; Wang et al., 2022) of each green technology are shown in Table S1.



2.2.2 The influence mechanism of green technology application on GFTPG

Efficient and environment-friendly, green technologies have a long-term industrial ripple effect on the agricultural sector and have become an important part of the green development platform, affecting people’s perception of sustainable development and research on GFTPG (Wang et al., 2021a; Zhu et al., 2021; Chen et al., 2022). This paper decomposes GFTPG into the green technology efficiency change of grain (GECG) and the green technical progress change of grain (GTCG), and discusses the impacts of technology application, as well as platform construction and perception promotion driven by it, on GECG and GTCG respectively. Green technology application is divided into different stages according to its ecological effects, to better understand the influence mechanism of green technologies on GFTPG. The influence mechanism of green technology application on GFTPG is shown in Figure 1.




Figure 1 | The influence mechanism of green technology application on GFTPG.



The impacts of green technology application on GECG. First, in the initial stage of green technology application, the Diseconomies of Scale may lead to the decline of GECG (Zhong et al., 2022). The Diseconomies of Scale is reflected in the increase of average cost and decrease of yield and income, due to the allocation of new equipment, low technical level and lack of management experience (Zhang et al., 2016; Si et al., 2021; Zhong et al., 2022), that is, the Internal Diseconomies of technology application. Secondly, with increasing application rate, green platform is gradually formed (Reza-Gharehbagh et al., 2022), which helps to connect technology developers and users and provide supporting social services, thereby accelerating the application of green technology and reducing cost (Totin et al., 2020), namely the Learning Effects of technology application and the Synergy Effects of green platform. Additionally, the green platform will bring inertia to the application of green technology (Inertial Actions). Combined with the sunk cost and application threshold of new technology (Zhang et al., 2016; Mañez and Love, 2020), it will increase the Path Dependences of green technology application, and aggravate the overuse and mismatch of technologies (Amplification Effects), thereby reducing GECG. Finally, the large-scale application of green technologies has accelerated promotion of green concepts. More subjects have participated in green production, which promotes popularization of green technologies and improvement of regional GECG (Promoting Effects). However, attention should also be paid to the contradiction between standardized machinery and diversified demand in green production, as well as the mismatch between rising technology adoption rate and the level of social services (Zhuang et al., 2019; Wang et al., 2021b; Zhang et al., 2021), all of which will hinder the improvement of GECG.

The impacts of green technology application on GTCG. First, the development and application of green technologies has Spillover Effects (Pan et al., 2021), which is reflected in the fact that the increase of green technology adoption rate in a region will promote the development of related technologies in its surrounding areas, and can trigger the Facilitation Effects of technology application. However, the Spillover Effects may also lead to overuse of the technology throughout the planting industry. Pursue the growth of green technology adoption rate while ignoring the application threshold and applicable conditions ultimately leads to the grain output decrease and environmental pollution, that is, the External Diseconomies of technology application (Zhong et al., 2022). Secondly, the green platform built for the application of green technology can arouse the enthusiasm of participants (especially the proportion of ordinary farmers), strengthen rural collective action, stimulate the initiative of enterprises in green technology research and development, promote the application and integration of green technology in various production links (Wang et al., 2022), and thus accelerate the development and promotion of new technologies (Acceleration Actions). However, excessive emphasis on the role of green platforms will also lead to resource Misallocations. Finally, the high adoption rate of green technologyies reflects the Group Identities with green development concept, which can effectively promote the upgrading and progress of the overall agricultural green technology, and promote the improvement of GTCG. However, when the concept of green development does not match the actual production, it cannot effectively improve GTCG (Adaptive Effects). For example, when mechanical equipment, operation level, natural conditions and social services cannot support green technology to exert its ecological effect, excessive pursuit of high adoption rate will lead to increase of cost, decrease of benefit and waste of resources (He et al., 2021; Min et al., 2021), which will also lead to External Diseconomies of technology application.

The impacts of green technology adoption on GTFPG. The analysis above shows that the impacts of adoption rate of green technologies on GECG and GTCG has threshold effects, which will also be reflected in the impacts on GTFPG. The threshold effects can be understood as its different impacts on GTFPG at different stages: the initial development stage, ecological efficiency stage and overuse stage. Specifically, in the initial developing stage, the application of green technologies is in the experimental and demonstration period. Construction of green platforms and promotion of green concepts just get started. Supporting machinery, technology, management and social services are at a low level. The resulting Diseconomies of Scale (Internal and External Diseconomies) hinder the improvement of GTFPG. In the ecological efficiency stage, technology, machinery configuration and management are improved. Green platforms are enhanced, green concept is widely recognized, and rural collective action is further strengthened. The marginal cost of production is reduced, and resource allocation is more reasonable. Green technology is upgraded and promoted faster, and starts to exhibit its ecological effect, thus effectively improving GTFPG. During the overuse stage of green technologies, due to the high level of green technology application, platform construction and concept identity in the area with high green technology adoption rate, and the sunk cost of technology application decision, Path Dependences may occur, which hinders the upgrading and improvement of green technologies. Meanwhile, ignoring the improvement of quality and efficiency of traditional agricultural technology, as well as the resource allocation in areas where green technology is not applicable, may also cause resource Misallocations, and lead to Diseconomies of Scale (Internal and External Diseconomies), which hinders the improvement of GTFPG. Due to the differences in application conditions, applicability and negative effects of various green technologies, theirs impacts on GTFPG have different threshold effects.




2.3 Model construction and data sources


2.3.1 Threshold model

Considering that the effects of green technology application have hysteresis (Chen et al., 2017; Gao et al., 2018; Mao et al., 2021), and require appropriate application conditions and proportions (Zhang et al., 2020; Min et al., 2021), otherwise it will have negative impacts on the environment (Wang et al., 2020a; He et al., 2021), thus, there are threshold effects of green technology on GTFPG. This paper refers to the threshold model proposed by Hansen (1999) to explore the nonlinear effects of green technology application on GTFPG. The single-threshold model can be expressed as:

 

where Xit represents the set of explanatory variables; β1 and β2 are coefficient estimates; threit represents the threshold variable (which can be a part of Xit), and γ is the threshold value; I(*) is the indicating function, when the inequality in brackets is ture, I(*)=1, otherwise, I(*)=0.

The double-threshold model can be expressed as:

 

where  ,  and   are coefficient estimates;   represents the threshold variable, γ1 and γ2 represent two threshold values.



2.3.2 Control variables selection

Considering that the GTFPG is affected by various factors, in order to remove the interference of other factors on green technology, this paper uses the research approaches of Xu et al. (2020); He et al. (2021); Yang et al. (2022b), and Li and Lin (2022) selects control variables from production condition, production decision, agglomeration capacity, financial support, economic development and natural disaster. Production condition increases the marginal desirable output or reduce the undesirable output by matching with the productivity level (Jiang et al., 2020; Li and Lin, 2022), and agricultural mechanization level and irrigation level are selected as proxy variables; production decision affects productivity by changing the proportion of production elements and production scales (Jiang et al., 2020; Liu et al., 2020; Li et al., 2020), and planting structure and rural income level are selected as proxy variables; agglomeration capacity improves resource utilization efficiency through knowledge spillover and energy structure optimization (Li and Lin, 2022; Yang et al., 2022b), and grain production agglomeration is selected as the proxy variable; financial expenditure affects productivity by improving production input, management level and service quality (Chen et al., 2021; He et al., 2021), and agricultural fiscal level and agricultural investment level are selected as proxy variables; economic development improves green productivity by influencing the adoption of green technologies and environmental awareness (Xu et al., 2020; Liu et al., 2022), and urbanization level and trade dependence level are selected as proxy variables; natural disasters have directly led to the decline of grain output and the increase of energy and chemical products input (Chen et al., 2021; He et al., 2021; Liu et al., 2022), and disaster incidence level, temperature fluctuation level and precipitation fluctuation level are selected as proxy variables. The specific calculation method of each control variable is shown in Table S2.



2.3.3 Data sources

The paper selects rice, wheat and maize as the representative varieties of grain. In 2020, the total output of rice, wheat and maize was 606.7786 million tons, accounting for 90.633% of the total grain output, so it can substitute for grain crops for research. Limited by the availability of green technology data, the sample period selected in this paper is from 2000 to 2020. Tianjin, Hebei, Shanxi, Inner Mongolia, Liaoning, Jilin, Heilongjiang, Jiangsu, Zhejiang, Anhui, Fujian, Jiangxi, Shandong, Henan, Hubei, Hunan, Guangdong, Guangxi, Hainan, Sichuan, Guizhou, Yunnan, Shaanxi, Gansu, Qinghai, Ningxia and Xinjiang are selected as the research areas. In 2020, the staple food (rice, wheat and maize) output of these 27 provinces was 582.442 million tons, accounting for 95.989% of China’s total staple grain output, so the samples are highly representative. Additionally, Chinese government set up major grain producing areas, funds, technology, talent flew to these areas and promoted the annual growth of grain production (Yang et al., 2021; Li and Lin, 2022). Therefore, it is necessary to examine the changes of green total factor productivity of grain in the major grain producing areas and non-major grain producing areas respectively (He et al., 2021). The major grain producing areas were divided according to the definition of SCPRC (2017). The distribution of these areas is shown in Figure 2.




Figure 2 | Distribution of the research areas.



The data of green technologies comes from the China Agricultural Machinery Industry Yearbook; the data of staple grain production and planting area are from the National Bureau of Statistics of China; the input data in the grain production process are from the Ministry of Agriculture and Rural Affairs of China, the China Rural Statistical Yearbooks and the provincial Statistical Yearbooks; the original data of the control variables are from the National Bureau of Statistics of China and the provincial Statistical Yearbooks, and are calculated according to Table S3. In order to eliminate the inflation impacts, the data measured in monetary units in this paper are reduced by the consumer price index (CPI) based on 2000 to obtain the real values. The descriptive statistics of each variable are shown in Table S3.





3 Results and analysis


3.1 Measurement of GTFPG, GECG and GTCG


3.1.1 Spatial-temporal pattern analysis

China’s GTFPG shows an ‘N’ shaped trend from 2000 to 2020 (Figure 3). GTFPG was on the rise from 2000 to 2005, and that of grain planting areas in northern China was significantly higher than that in southern China. From 2005 to 2010, overall GTFPG decreased significantly, and that in Inner Mongolia-Northeast China was higher. From 2010 to 2015, overall GTFPG gradually recovered, and that in Inner Mongolia-Northeast China grain producing areas was still high, while that in the middle and lower reaches of the Yangtze River areas (Anhui, Hubei, Hunan) increased significantly. From 2015 to 2020, areas with higher GTFPG gathered along the Yellow River (Qinghai, Shanxi, Shaanxi, Gansu, Ningxia) and Huang-Huai-Hai area (Hebei, Henan, Shandong). China’s GECG showed a ‘U’ shaped trend from 2000 to 2020 (Figure 3). The regions with higher GECG gathered to the provinces along the Yellow River, the lower reaches of the Yangtze River, and the Huang-Huai-Hai grain production areas. China’s GTCG showed an ‘M’ shaped trend from 2000 to 2020. The regions with higher GTCG gathered in southwestern China (Yunnan, Guizhou) and central and western China (Qinghai, Sichuan).




Figure 3 | Spatial-temporal pattern of GTFPG, GECG, GTCG and green technologies from 2000 to 2020.



The application of various green technologies has obvious spatial agglomeration (Figure 3). From 2000 to 2020, MDPS had a higher adoption rate in the northern areas than in the south, and formed the distribution pattern centered around Xinjiang, Northeast producing areas (Heilongjiang, Jilin) and the areas along the Yellow River. PSQS had a higher adoption rate in the northern producing areas than in the southern areas, and formed the distribution pattern centered on the Inner Mongolia-Northeast producing areas. Besides, its adoption rate in Xinjiang and Huang-Huai-Hai area was also relatively high. MNTS gradually formed the distribution pattern centered on the Huang-Huai-Hai area. The adoption rate of MNTS in the arid and semi-arid regions of the north was significantly higher than that in the south. MSRE formed the distribution pattern centered on the Huang-Huai-Hai area and the lower reaches of the Yangtze River. MFDD had significantly higher adoption rate in the north than in the south, and formed the distribution pattern centered on the Inner Mongolia-Northeast region. The distribution of WSIR is centered on the eastern coastal provinces, and it had high adoption rate in Xinjiang.

Comparison of the spatial distribution of GTFPG and green technologies shows that, in different periods, there is correlation between GTFPG and green technologies in terms of spatial evolution, as well as obvious regional differences. For example, the concentration of high GTFPG in some northern producing areas from 2000 to 2005 may be correlated with changes in the adoption rates of MDPS, MNTS, and MSRE in these provinces. However, the change of GTFPG is also affected by financial support, agricultural investment, natural disasters, etc. Therefore, there is no simple correspondence between GTFPG and the change of green technology adoption rates. Investigation into the impacts of green technologies on GTFPG and the influence paths requires fitting analysis through multiple regressions.



3.1.2 Regional differences analysis

This paper further analyzes the dynamic difference of sustainable grain production in China by means of three-dimensional kernel density function. The kernel density curves of GTFPG, GECG and GTCG in the whole region are shown in Figures 4A– C. The integral area of GTFPG kernel density curve in the whole region changed from ‘low-wide’ to ‘high-narrow’, which means that provincial difference of GTFPG shrank. The peak of the kernel density curve of GECG is significantly higher than that of GTFPG, indicating small regional differences of GECG. The peak of the kernel density curve of GTCG in the whole region increased first and then decreased, which reflects that the regional difference of GTCG decreases first and then increases. Similarly, it can be concluded that the regional difference of GTFPG in the major grain producing areas decreased (Figure 4D); the regional difference of GECG in the main grain producing areas has increased, but the overall level was still low (Figure 4E). The increase of GECG agglomeration in the major grain producing areas leads to the decrease of regional differences of GTFPG (Figure 4F). The regional difference of GTFPG in the non-major grain producing areas is greater than that in the whole region and in the major grain producing areas (Figure 4G). The overall regional difference of GECG in the non-major grain producing areas is small (Figure 4H). The regional difference of GTCG in the non-major grain producing areas is large (Figure 4I). In summary, the difference of GTFPG among provinces in China gradually decreases, which is mainly attributed to the regional differences of GTCG, while the regional differences of GECG remain small.




Figure 4 | Three-dimensional kernel density curves of GTFPG, GECG and GTCG. MGPA: major grain producing areas; NMGPA: non-major grain producing areas. (A–C) are kernel density curves of GTFPG, GECG and GTCG of the whole region respectively. (D–F) are kernel density curves of GTFPG, GECG and GTCG of the major grain producing areas respectively. (G–I) are kernel density curves of GTFPG, GECG and GTCG of the non-major grain producing areas respectively.



Based on the analysis of the difference of the whole sample through kernel density curve, this paper uses box plot to analyze the differences in GTFPG, GECG, GTCG and green technology adoption rate between major grain producing areas and the non-major producing areas, as shown in Figure 5. Firstly, differences in the change of GTFPG from 2000 to 2020 show that sample dispersion of GTFPG in both major and non-major grain producing areas was significantly reduced (Figure 5A). In 2000, the median of GTFPG in the major grain producing areas (0.954) was significantly lower than that in the non-major grain producing areas (0.985). In 2020, the median of GTFPG in the major grain producing areas (1.005) increased slightly and was roughly equal to that in the non-major grain producing areas (1.002). The median of GECG in the major grain producing areas and non-grain producing areas shows a fluctuating upward trend (Figure 5B). The median of GTCG increased first and then decreased (Figure 5C).




Figure 5 | Regional difference of GTFPG, GECG, GTCG and green technologies from 2000 to 2020. MGPA: major grain producing areas; NMGPA: non-major grain producing areas. (A–C) are estimated values of GTFPG, GECG and GTCG in the major and non-major grain producing areas respectively. (D–I) are adoption rates of MDPS, PSQS, MNTS, MSRE, MFDD and WSIR in the major and non-major grain producing areas respectively.



Secondly, differences in green technology adoption rate from 2000 to 2020 show that major grain producing areas and non-major grain producing areas have obvious different preference for green technologies. In summary, the adoption rate of all green technologies in the major grain producing areas has increased. Compared with non-major grain producing areas, the adoption rates of MDPS, PSQS, MNTS and MSRE in the major grain producing areas are higher. The adoption rates of MDPS and WSIR in the non-major grain producing areas have increased more significantly, and that of MSRE has increased faster than that in the major grain producing areas (Figures 5D–I). In order to study quantitatively the impacts, influence paths and regional differences of green technologies, this paper further analyzes the threshold results of GTFPG, GECG and GTCG.




3.2 Threshold analysis of GTFPG

Before we use the threshold model for empirical analysis, it is necessary to test the threshold effect of the constructed model, and the test results are shown in Tables S4–S6. All green technologies (MDPS, PSQS, MNTS, MSRE, MFDD, WSIR) show threshold effects on GTFPG, GECG and GTCG, reflecting that application of green technologies has a non-linear effect on GTFPG as well as its decomposition during agricultural mechanization.


3.2.1 Threshold analysis of GTFPG in the whole region

The threshold model results of GTFPG in the whole region are shown in Table 1. The results show that all green technologies have double threshold effects on GTFPG. MFDD and WSIR have only positive impact on it. MDPS, PSQS and MSRE have both positive and negative impact, and MNTS has only negative impact. MDPS has the greatest positive impact on GTFPG (1.568). MFDD and WSIR have great positive impact on GTFPG, while NTS and MSRE have great negative impact (only the coefficients that passed the significance test were compared).


Table 1 | The threshold model results of GTFPG in the whole region.



In Model 1, when MDPS ≤ 0.029, the application of MDPS has not yet formed scale effect due to the high application cost (Internal Diseconomies) and greenhouse gas emissions (External Diseconomies) in mechanical operations, which results in a negative impact on GTFPG. When 0.029< MDPS ≤ 0.296, economies of scale and environmental benefits gradually emerge (Table 1), thereby effectively increasing GTFPG. However, MDPS is heavy-duty mechanical operation and is limited by soil texture. Therefore, overuse of MDPS does not improve GTFPG (He et al., 2021), which can explain why the positive effect on GTFPG is no longer significant when MDPS > 0.296.

The impacts of PSQS are similar to that of MDPS (Model 2). The high application cost of PSQS in the initial development stage decreases GTFPG due to its Diseconomies of Scale. When 0.018< PSQS ≤ 0.444, promotion of PSQS improves GTFPG by increasing seed efficiency, reducing herbicide use, and stabilizing crop yields (Karayel, 2009; Li et al., 2015; Chen et al., 2022). However, PSQS has high requirements for production conditions, technology and management (CPGPRC, 2007). Overuse of PSQS will bring more emissions and wastes, so its positive impact is no longer significant when PSQS > 0.444.

MNTS only has negative impacts on GTFPG no matter how the adoption rate changes (Model 3). The application of MNTS is not yet mature, because of seed quality, mechanical configuration and operation technology, in which China lags behind the developed countries. Large-scale application of MNTS leads to a cost surge, production decline and resources waste (Pisante et al., 2014; Wang et al., 2021b), and causes serious External Diseconomies.

MSRE has a significant positive impact on GTFPG only in the range of 0.087-0.209 (Model 4). In the initial stage, MSRE application has prominent Internal Diseconomies (Jin et al., 2020; Aguiar et al., 2021), thereby significantly reducing GTFPG. In the ecological efficiency stage, ecological effect of MSRE application gradually emerges, thus significantly improving GTFPG. The overuse of MSRE leads to Misallocations and resource waste, which is not conducive to the GTFPG improvement.

The positive effect of MFDD on GTFPG changes from insignificant to significant in different threshold intervals (Model 5). The threshold effect of MFDD on GTFPG shows that the Learning Effects and Facilitation Effects are more prominent, and the External Diseconomies are not significant, so continuous increase of MFDD adoption rate is effective for the improvement of GTFPG.

The positive impacts of WSIR on GTFPG change from insignificant to significant, and then to insignificant (Model 6). The Diseconomies of Scale significantly increases costs and emissions (Moinet et al., 2017), which difficult to increase GTFPG in the initial development stages. When 0.161< WSIR ≤ 0.395, the ecological effects appear, which promote the GTFPG growth. High cost of application makes it difficult to promote WSIR (Zhuang et al., 2019). Recent outflow of rural labor force has led to a decline in rural collective action, which is not conducive to the facility maintenance and technical renewal (Wang et al., 2022). Therefore, its positive impact is no longer significant when WSIR > 0.395.



3.2.2 Threshold analysis of GTFPG in the major grain producing areas

MDPS has the greatest positive impact (1.882), and MNTS has the greatest negative impact (-1.309). Compared with the threshold results of the whole region, the positive impacts of PSQS, MNTS and MSRE on GTFPG in the major grain producing areas are significantly improved, while the positive impacts of MDPS, MFDD and WSIR are not significantly increased (Table 2).


Table 2 | The threshold model results of GTFPG in the major grain producing areas.



MDPS can have a great positive impact on GTFPG in the initial development stage (MDPS ≤ 0.289), but the positive impact decreases with the increase of its adoption rate (Model 7). It shows that the mismatch between agricultural mechanization and grain productivity exists even in the major grain producing areas (He et al., 2021).

When 0.050< PSQS ≤ 0.264, its positive effect on GTFPG is remarkably higher than that in the whole region (Model 8). This reflects the importance of the promotion and adoption of PSQS in the major grain producing areas for the improvement of GTFPG.

It has a significant positive impact on GTFPG when MNTS ≤ 0.172 (Model 9). Compared with the whole region results, the MNTS application in the major grain producing areas can have a significant positive impact on GTFPG in a longer period.

When MSRE > 0.114, it has a significant positive impact on GTFPG (Model 10). The increase of MSRE adoption rate doesn’t lead to a negative impact on GTFPG, reflecting that the development of MSRE in the major grain producing areas provides continuous impetus for the improvement of GTFPG.

It has a significant positive impact on GTFPG when MFDD > 0.162. This positive impact is remarkably higher than that in the whole region, reflecting that the application of MFDD has a greater Promoting Effects on GTFPG in the major grain producing areas (Model 11).

When 0.195< WSIR ≤ 0.466, it has a significant positive impact on GTFPG (Model 12). Although the positive impact of WSIR on GTFPG is not significantly improved, the application of this technology plays an important role in improving GTFPG in terms of the impact levels and the threshold value ranges, in both major and non-major producing areas.



3.2.3 Threshold analysis of GTFPG in the non-major grain producing areas

In non-major grain production areas, all green technologies have double threshold impact on GTFPG except MDPS (Table 3). WSIR has the greatest positive impact and MFDD the greatest negative impact.


Table 3 | The threshold model results of GTFPG in the non-major grain producing areas.



The positive impact of MDPS on GTFPG lasts longer though its impact level is much smaller than that in the whole region and major grain producing areas (Model 13).

The positive impact of PSQS on GTFPG is remarkably smaller than that in the whole region and major grain producing areas, reflecting the limited ability of PSQS to increase GTFPG in the non-major grain producing areas (Model 14).

Compared with the major grain producing areas, the green effect of MNTS application in the non-major grain producing areas is more significant (Model 15), and the increase of MNTS adoption rate in the northern arid and semi-arid non-major grain producing areas is a good illustration.

The positive impact of MSRE on GTFPG is remarkably greater than that in the major grain producing areas (Model 16), meaning that the development and application of MSRE in the non-major grain producing areas has significantly improved GTFPG.

The positive effect is remarkably higher than that in the major grain producing areas, indicating that the application of MFDD in the non-major grain producing areas makes grain production more sustainable (Model 17).

With the increase of WSIR adoption rate, the positive effect gradually decreases (Model 18). It reflects that the application of WSIR is of great significance to improve sustainable development of grain in the non-major grain producing areas, and the agglomeration of provinces with high WSIR adoption rate to some non-major grain producing areas is a good illustration.




3.3 Threshold analysis of GECG


3.3.1 Threshold analysis of GECG in the whole region

The threshold results of GECG in the whole region (Table 4) shows that MDPS, MSRE, MFDD and WSIR have double threshold effects on GECG, while PSQS and MNTS have single threshold effects on GECG. Among them, MFDD has the greatest positive effect (1.025), and MNTS has the greatest negative effect (-0.793). In Model 19, the positive impact of MDPS on GECG gradually decreases with increasing application. When PSQS > 0.120, it has an insignificant positive impact on GECG, reflecting that PSQS can’t significantly increase GTFPG by affecting GECG (Model 20). Similarly, when MNTS > 0.096, it has an insignificant positive impact on GECG, which reflects that MNTS has no significant effect on GTFPG by affecting GECG (Model 21). MSRE has only a negative impact on GECG, indicating that MSRE decreases GTFPG by affecting GECG (Model 22). When 0.032< MFDD ≤ 0.122, it has the greatest positive impact on GECG, and when MFDD > 0.122, the impact is no longer significant. It reflects that MFDD can’t continue to improve GTFPG through GECG with increasing application (Model 23). Likewise, the threshold results of WSIR for GECG also reflect that as WSIR applications increases, the approach of improving GTFPG by affecting GECG is no longer effective (Model 24).


Table 4 | The threshold model results of GECG in the whole region.





3.3.2 Threshold analysis of GECG in the major grain producing areas

The threshold results of GECG in the major grain producing areas (Table 5) show that MDPS, MSRE, MFDD and WSIR have double threshold effects on GECG, while PSQS and MNTS have single threshold effects on GECG. In the major grain producing areas, the positive impact of MDPS on GECG is remarkably higher than that in the whole region. PSQS only has a negative impact on GECG, and the impact is greater than that in the whole region. In the initial development stage (MNTS ≤ 0.085), MNTS can have a great positive impact on GECG, but in other stages (MNTS > 0.085), the positive impact is not significant. With the increasing application of MSRE, its positive impact on GECG gradually decreases, but the overall impact is significantly higher than that in the whole region. The positive impact of both MFDD and WSIR on GECG in ecological efficiency stage is greater than that in the whole region.


Table 5 | The threshold model results of GECG in the major grain producing areas.





3.3.3 Threshold analysis of GECG in the non-major grain producing areas

The threshold results of GECG in the non-major grain producing areas (Table 6) show that MDPS, PSQS, MSRE and WSIR have double threshold effects on GECG, while MNTS and MFDD have single threshold effect on GECG. In the non-major grain producing areas, the positive effects of MDPS, MNTS and WSIR on GECG are smaller than those in the whole region and major grain producing areas, indicating that these technologies have poor effects on improving GTFPG through GECG in the non-major grain producing areas. Besides, the positive impact of PSQS and MFDD on GECG is greater than that in the whole region and major grain producing areas, reflecting that PSQS and MFDD can better improve GTFPG through GECG in the non-major grain producing areas. MSRE has only a negative impact on GECG, and the impact is greater than that in the whole region, indicating that MSRE significantly reduced GTFPG through GECG in the non-major grain producing areas.


Table 6 | The threshold model results of GECG in the non-major grain producing areas.






3.4 Threshold analysis of GTCG


3.4.1 Threshold analysis of GTCG in the whole region

The threshold results of GTCG in the whole region shows that only MFDD has a double threshold effect on GTCG, while MDPS, MNTS, MSRE and WSIR have single threshold effects (Table 7). PSQS does not have a threshold effect. PSQS has the greatest positive effect on GTCG (0.239), while MSRE has the greatest negative effect (-1.587). In Model 37, the application of MDPS has a negative impact on GTCG, and the negative impact becomes more remarkable with increasing application. Compared with the effect of PSQS on GECG, PSQS mainly improves GTFPG through GTCG (Model 38). MNTS can significantly increase GTCG only in the initial development stage. Increase of MNTS adoption rate hinders the improvement of GTCG (Model 39). In Model 40, the impact of MSRE on GTCG changed from a significant negative impact to significant positive in different threshold intervals, indicating that the large-scale application of MSRE could effectively improve GTCG. This is also why MSRE can improve GEFPG significantly when 0.087< MSRE ≤ 0.209 in Model 4. When MFDD >0.064, the GTCG level is significantly improved, reflecting that increasing application of MFDD can improve GTFPG through GTCG (Model 41). The threshold results of WSIR on GTCG reflect that the increase of WSIR applications improves GTFPG through GTCG (Model 42).


Table 7 | The threshold model results of GTCG in the whole region.





3.4.2 Threshold analysis of GTCG in the major grain producing areas

The threshold results of GTCG in the major grain producing areas (Table 8) show that only the impact of MDPS on GTCG has single threshold effect, and that of other green technologies has double threshold effect. In the major grain producing areas, the positive impact of MDPS on GTCG is remarkably higher than that in the whole region. PSQS has a positive impact on GTCG, but the impact is smaller than that in the whole region. When MNTS > 0.090, its impact on GTCG is significantly negative and the negative effect is higher than that in the whole region. With increasing application of MSRE, its positive impact on GTCG gradually decreases, and eventually turns to the insignificant negative impact, but the overall impact levels are higher than that in the whole region. With increasing application of MFDD, its positive impact on GTCG gradually decreases and eventually becomes an insignificant negative impact. The impact of WSIR on GTCG in the major grain producing areas is negative in all threshold intervals.


Table 8 | The threshold model results of GTCG in the major grain producing areas.





3.4.3 Threshold analysis of GTCG in the non-major grain producing areas

The threshold results of GTCG in the non-major grain producing areas (Table 9) show that the impact of PSQS and MFDD on GTCG has double threshold effect, and the impact of other green technologies has single threshold effect. In the non-major grain producing areas, MDPS has a negative impact on GTCG, and the impact is especially significant when MDPS ≤ 0.178. Compared with that in the whole region and major grain producing areas, the impact of PSQS on GTCG is positive only when it is smaller than the first threshold value. MNTS, MSRE, MFDD and WSIR have a positive impact on GTCG, and the positive impact of MFDD and WSIR is higher than that in the whole region and the major grain producing areas.


Table 9 | The threshold model results of GTCG in the non-major grain producing areas.







4 Discussions

The concept of major grain producing areas has attracted more resources to the provinces in these areas, and has profoundly affected the behavior and decision-making of producers (SCPRC, 2017; Yang et al., 2021). Besides, the resource wastes and environmental pressures caused by the continuous growth of grain production in major producing areas (Yang et al., 2021; Li and Lin, 2022), arouse more attention to the coordinated use of various green technologies. Additionally, the influence paths of green technology on the promotion of GTFPG also vary in different areas, due to regional differences in development and applicability of green technologies (Si et al., 2021; He et al., 2021).


4.1 Green technologies in plowing

The adoption rate of MDPS in the major grain producing areas is higher, especially in Northwest, Northeast and Yellow River production areas, reflecting that the major grain producing areas pay more attention to the green technology application in plowing.

During the ecological efficiency stage of MDPS, the ecological effects of technology application in the major grain producing areas are greater than those in the non-major grain producing areas, which is consistent with He et al. (2021). Moreover, there is overuse of MDPS in the major grain producing areas, which may be a result of resource Misallocations caused by Path Dependences or External Diseconomies (Li et al., 2017; Xie et al., 2021). However, there is no overuse of MDPS in the non-major grain producing areas, which may be related to its advantages in mechanization, proficiency of technical staff and social services (especially provinces with higher level of economic development).

In the major grain producing areas, MDPS mainly affects GTFPG through the GTCG path in the initial development stage, which indicates that the Spillover Effects are more significant in this period; MDPS improves GTFPG mainly through the GECG path in the ecological efficiency stage, which may be related to the Learning Effects, Synergy Effects and Promoting Effects generated by the MDPS application (Figure 1). In the non-major grain producing areas, MDPS increases GTFPG mainly through the GECG path. The green technology efficiency change caused by the MDPS application is more prominent in the major grain producing areas. However, the contribution of MDPS to green technical progress change is very limited, and the Diseconomies of Scale caused by technological upgrading are especially serious in the non-major grain producing areas.



4.2 Green technologies in sowing

High adoption rate of PSQS agglomerates in Inner Mongolia-Northeast China, Xinjiang and Huang-Huai-Hai area, and high adoption rate of MNTS gathers in Huang-Huai-Hai area, reflecting that the importance attached to green sowing technologies by major grain producing areas.

The difference between PSQS and MNTS threshold results can reflect that the ecological effect of PSQS application is better than that of MNTS, especially in the major grain producing areas, which is consistent with Li et al. (2015) and Chen et al. (2022), and also explains the higher adoption rate of PSQS. The application of MNTS has high requirements for natural conditions, mechanical configuration, seed quality and technical levels (Duan et al., 2022a). Improper application of MNTS brings serious External Diseconomies, which limits its ecological effects and application scopes.

In the major grain producing areas, PSQS mainly improves GTFPG through the GTCG path, which indicates that the Facilitation Effects, Acceleration Actions and Group Identities caused by the PSQS application are more prominent (Figure 1); however, MNTS application features high operational risk, long investment return period, and high operational requirements (Zhang et al., 2021; Wang et al., 2021b), which lead to the External Diseconomies, Misallocation and Adaptive Effects, and mainly improve GTFPG through the GTCG path. In the non-major grain producing areas, some economically developed and highly mechanized provinces can support the mature application of PSQS, and are more prominent in the Learning effects, Synergy Effects and Promoting effects, which lead to improve GTFPG through the GECG path. Meanwhile, the arid and semi-arid areas in the non-major grain producing areas are suitable for the promotion and application of MNTS (Zhang et al., 2018), which bring significant Facilitation Effects, Acceleration Actions and Group identities, and mainly improve GTFPG through the GTCG path. This also explains the increase of MNTS adoption rate in Qinghai, Shanxi and Shaanxi in recent years.



4.3 Green technologies in fertilization

The adoption rate of MSRE in the major grain producing areas is significantly higher than that in the non-major grain producing areas, while the adoption rate of MFDD in the two areas is similar, which reflects that major grain producing areas pay more attention to the green fertilization technologies.

In the major grain producing areas, MSRE and MFDD can continuously improve GTFPG (the increase in technology adoption rate does not cause a negative threshold effect), and the ecological effect of MSRE is greater. In the non-major grain producing areas, MSRE and MFDD only have significant positive impacts on GTFPG between the first and second threshold values, and the effects are greater than that in the major grain producing areas, and MSRE has more obvious advantages. While, there are overuse of the two green technologies in the non-major grain producing areas.

Application of MSRE requires complex conditions (Table S1), and more straw returning brings higher production costs under the intensive production and rotation system (Yang et al., 2020), resulting in significant Path Dependences and Inertial Actions (Figure 1). In addition to the imperfect subsidy system (Huang et al., 2019), MSRE can’t continuously increase GECG. Therefore, MSRE improves GTFPG mainly through the GTCG path in both major and non-major grain producing areas. The differences in the influence paths of MFDD in major and non-major grain producing areas are caused by different natural conditions, economic development, technological levels, and green conception. Especially in the ecological efficiency stage of MFDD application, the Learning Effects, Synergy Effects and Promoting Effects of MFDD application in the major grain producing areas are more prominent; while, the Facilitation Effects, Acceleration Actions and Group identities are more prominent in non-major grain producing areas.



4.4 Green technologies in irrigation

The adoption rate of WSIR in the non-major grain producing areas is slightly higher than that in the major grain producing areas, but with higher sample dispersion. This indicates that the non-major grain producing areas attach great importance to the development of green irrigation technologies.

The difference in the threshold effects of WSIR reflects the obvious External Diseconomies in the initial stage of WSIR application in the major grain producing areas, which supports the conclusions of Zhuang et al. (2019) and Chen et al. (2022). However, it shows better green effects in ecological efficiency stage, which explains the high adoption rate of WSIR in the major grain producing areas. In the non-major grain producing areas, WSIR has significant ecological effects in the initial stage. It may be related to the water-saving effects of WSIR in water-deficient areas, especially in Xinjiang, Qinghai, Gansu and Shaanxi (Zhuang et al., 2019; Duan et al., 2022b; Guo et al., 2022a). Moreover, the reason why the overuse stage of WSIR is advanced in the non-major grain producing areas may be that the rural labor transfer reduces collective actions, and is not conducive to the maintenance of irrigation facilities and green efficiency improvement, which supporting the conclusions of Wang et al. (2022).

As an important practice of sustainable agricultural production (Zhuang et al., 2019), the application of WSIR has brought significant green efficiency improvement to major grain producing areas (Man et al., 2014; Wang et al., 2020b). Moreover, External Diseconomies, Misallocation and Adaptive Effects limit the contribution of WSIR to the green technology progress in the major grain producing areas. Regions in the non-major grain producing areas vary greatly in precipitation, so choosing the appropriate water-saving irrigation method is the key to achieving green production (Zhuang et al., 2019; Chen et al., 2022). Therefore, the applications and upgrading of various water-saving technologies in the non-major grain producing areas in recent years have enabled WSIR to make a greater contribution to green technology progress in these areas, which supporting the conclusions of Zhuang et al. (2019).




5 Conclusions

This paper took the influence mechanism of green technologies on GTFPG as the entry point, selected green technologies from the plowing, sowing, fertilization, and irrigation section in agricultural mechanized production, and constructed threshold models to explore the impacts of various green technologies on GTFPG and the influence paths. The main conclusions are as follows:

(1) GTFPG and green technologies exhibited correlations as well as regional differences in spatial evolution. The difference of GTFPG among provinces in China gradually decreased, which was mainly caused by the regional difference of GTCG, while the regional difference of GECG remained small. Major grain producing areas and non-major grain producing areas had different preferences for green technologies. Major grain producing areas paid more attention to the green technologies in plowing, sowing and fertilization; while, the green irrigation technology was more widely used in non-major grain producing areas.

(2) In the major grain producing areas, MDPS had the greatest positive impact on GTFPG. In the non-major grain producing areas, the positive impact of WSIR was greatest. In plowing, MDPS had greater ecological effects in the major grain producing areas than in the non-major grain producing areas; however, the overuse of MDPS occurred in the major grain producing areas, but not in the non-major grain producing areas. In sowing, PSQS had better ecological effects than MNTS, especially in the major grain producing areas; the negative impact of MNTS was more significant in the major grain producing areas. In fertilization, overuse of MSRE and MFDD never occurred in the major grain producing areas; in the ecological efficiency stage, MSRE and MFDD had greater positive impacts on GTFPG in the non-major grain producing areas. In irrigation, WSIR showed better ecological effects in the major grain producing areas, and the negative impacts of its overuse were greater in the non-major grain producing areas.

(3) There were significant differences in the influence paths of green technologies on GTFPG of major grain producing areas and non-major grain producing areas. In the major grain producing areas, MDPS (in the ecological efficiency stage), MFDD (in the ecological efficiency stage) and WSIR mainly improved GTFPG through the GECG path; MDPS (in the initial development stage), PSQS, MNTS, MSRE (in the initial development and ecological efficiency stage), and MFDD (in the initial development stage) mainly affected GTFPG through the GTCG path. In the non-major grain production areas, MDPS, PSQS and MFDD (in the initial development stage) increased GTFPG mainly through the GECG path; MNTS, MSRE, MFDD (in the ecological efficiency stage) and WSIR mainly improved GTFPG through the GTCG path.
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