

  agriculture-13-00718




agriculture-13-00718







Agriculture 2023, 13(3), 718; doi:10.3390/agriculture13030718




Article



Spatial-Temporal Pattern of Agricultural Total Factor Productivity Change (Tfpch) in China and Its Implications for Agricultural Sustainable Development



Haonan Zhang 1,2,3, Zheng Chen 4,*, Jieyong Wang 1,2,*[image: Orcid], Haitao Wang 5 and Yingwen Zhang 6





1



Institute of Geographic Sciences and Natural Resources Research, Chinese Academy of Sciences, Beijing 100101, China






2



Key Laboratory of Regional Sustainable Development Modeling, Chinese Academy of Sciences, Beijing 100101, China






3



College of Resources and Environment, University of Chinese Academy of Sciences, Beijing 100049, China






4



Center of Engineering and Construction Service, Ministry of Agriculture and Rural Affairs, Beijing 100081, China






5



Virginia Polytechnic Institute and State University, Blacksburg, VA 24061, USA






6



Capital City Environmental Construction Research Base, Beijing City University, Beijing 100083, China









*



Correspondence: 13562993160@163.com (Z.C.); wjy@igsnrr.ac.cn (J.W.)







Academic Editors: Javier Esparcia and Fabian Capitanio



Received: 26 December 2022 / Revised: 13 March 2023 / Accepted: 13 March 2023 / Published: 21 March 2023



Abstract

:

With increasing tension between humans and land, and arising pressure on food security in China, the improvement of total factor productivity is important to realize agricultural modernization and promote rural revitalization strategy. In this study, we applied the DEA-Malmquist index method to measure the growth of China’s agricultural total factor productivity and its decomposition indexes at the prefecture-level city scale from 2011 to 2020. We found the average annual growth rate of agricultural total factor productivity was 4.5% during this period, with technical change being the driving factor and technical efficiency change being the suppressing factor. There is an initial decrease and then an increase in the Dagum Gini coefficient. The cold and hot spot areas of agricultural Tfpch were clearly formed. During the decade, the gravity center of agricultural Tfpch has migrated from the northeast to the southwest in general. Based on the characteristics of agricultural Tfpch, China is classified into four zones. In the future, the Chinese government should balance the government and the market mechanism, improve the agricultural science and technology innovation system and technology adoption promotion system, and implement classified policies to improve agriculture production efficiency.
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1. Introduction


The improvement of overall agricultural productivity is important not only for promoting sustainable agricultural development but also ensuring the supply of agricultural products and food security [1]. Since the 21st century, the increasing population is placing unprecedented pressure on resources and the environment worldwide and adverse climate change is leading to low agricultural production efficiency [2]. Countries and regions around the globe are committed to improving agricultural productivity and promoting sustainable agricultural development [3]. If a country relies on international trade to ensure food security, the shock of the international food market will lead to the reduction in food supply, leading to soaring prices and food security risks [4].



Developing countries face greater pressure in this regard [5]. In China, since the reform and opening up, the nation has attached great importance to agricultural production; it has increased the input of agricultural production factors, resulting in remarkable achievements in agricultural development. Between 1978 and 2020, the total agricultural output value increased from 111.8 billion yuan to 717.48 billion yuan, and grain production increased from 304.77 million tons to 669.49 million tons. However, at the same time, China’s agriculture is also facing problems such as a relatively extensive agricultural development model [6], a decrease in high-quality cultivated land resources [7], intensified constraints on resources and the environment, the loss of young and middle-aged labor [8], outstanding shortcomings in agricultural infrastructure [9], and insufficient support in agricultural science and technology [10]. These problems have led to weak growth of agricultural production efficiency, which has become a key bottleneck restricting high-quality agricultural development and even the advancement of the rural revitalization strategy [11,12]. Scientifically improving the input factor level, rationally optimizing the structure of the input factor, and improving agricultural total factor productivity have become major propositions.



The issue of agricultural total factor productivity has been highly considered by the government, and it is also a focus and hot spot in academic circles. There is a general consensus in the connotation of agricultural total factor productivity. It refers to the amount of production that can be increased when all the inputs of production factors are unchanged, and its purpose is to measure productivity excluding all the tangible factors of production. Related studies have explored agricultural total factor productivity using the growth accounting method [13], the DEA-Malmquist index method [14,15,16], and the stochastic frontier approach (SFA) method [16,17,18,19]. The DEA method and SFA method are commonly applied. The SFA method considers the impact of environmental changes and random factors on production behavior and can be carried out with statistical tests. The DEA method does not require defining the specific form of the production function in advance, so as to avoid the structural deviation caused by the wrong setting of production functions in traditional accounting methods such as the SFA method. The DEA method also does not require making a pre-determined assumption about the inefficiency distribution of the research sample. Therefore, the two methods both have advantages and disadvantages. The two methods will reach a relatively consistent conclusion in terms of numerical results [20,21,22]. However, most relevant studies about China apply the DEA method [23,24,25]. It shows that total factor productivity growth in China’s agriculture has been driven by technical change and hindered by technical efficiency change [26,27], and the growth in eastern China is faster than that in central China and western China [27]. However, due to the difficulty in obtaining data, most of the studies were conducted on the provincial scale [28,29,30]. There is a lack of analysis of the spatial characteristics and temporal evolution patterns of agricultural total factor productivity on smaller scales [23]. In terms of the time period, most studies focus on before 2010 [28,31]. However, since 2010, especially since the 18th CPC National Congress, China has implemented a series of major strategies such as poverty alleviation and rural revitalization. Significant changes have taken place in the strategic objectives, policy system, and technical support of agricultural development. China’s agriculture also has undergone deep changes. Agricultural development is changing from relying on resource input to being innovation-driven. Green ecological agriculture is developing rapidly. The reform of the agricultural land system is being implemented. There is a lack of long-term series follow-up studies on this issue.



This study aims to fill the gaps that few studies focus on 2011–2020 with radical changes and that few studies can be specific to prefecture-level city scale to explore more detailed spatial patterns.



In view of the large differences in the level and speed of agricultural development in various provincial administrative regions [23], this study is based on the panel data of agricultural output and input in prefecture-level cities from 2010 to 2020 and adopts the DEA-Malmquist index method model with national prefecture-level city scale. We analyzed the temporal evolution and spatial variation of agricultural total factor productivity change (Tfpch) in 359 prefecture-level cities across China by integrating the application of Dagum Gini coefficient, Moran’s I, Getis-Ord Gi*, standard deviation ellipse, gravity center migration, and cluster analysis. We also proposed targeted regulation strategies aiming to provide support for the agricultural modernization development and the implementation of a rural revitalization strategy in China. Under the background of intensified resource and environment constraints and the complex and volatile international situation, this study aims to provide support for ensuring national food security by analyzing the implications for sustainable agricultural development.




2. Materials and Methods


2.1. Materials


The total agricultural output value (calculated at comparable prices in 1978) was selected as the output index based on the principles of scientificity, comprehensiveness and data availability, and considering the spatial-temporal comparative analysis of national prefecture-level city-scale data. The total sown area of crops was selected as the land input index. It means the area of actually sown or transplanted crops, which generally include food crops and cash crops. The number of employees in agriculture, forestry, animal husbandry and fisheries was selected as the labor input index. It can better reflect the actual use of an industry in a certain period than the economically active population and unit employment. The total power of agriculture machinery was selected as the capital input index. It was defined as the sum of the power of various kinds of power machinery mainly used in agriculture, forestry, animal husbandry and the fishery industry in that year. The consumption of chemical fertilizers in agriculture, that is, the actual amount of fertilizer used in agricultural production in that year was selected as the intermediate input index.



The study data came from the statistical yearbooks and agricultural and rural yearbooks of each province, autonomous region and municipality directly under the central government from 2010 to 2020. The statistical descriptions of relevant output and input indexes were shown in Table 1.




2.2. Methods


2.2.1. DEA-Malmquist Index Method


This study applied the DEA-Malmquist index method to calculate the total factor productivity. The DEA-Malmquist index method uses a distance function to construct a production frontier and thus measure the rate of change in production efficiency. The principle is to first calculate the Malmquist index with technical conditions in period t as the reference:
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In Equation (1), D represents the distance function and (X, Y) represents the input-output vector in a specific period. Similarly, the Malmquist index for the technical conditions in period t + 1 can be calculated as:
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The geometric mean of Equations (1) and (2) is then used as the Malmquist index from period t to period t + 1:
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The results of the Malmquist index take into account the non-technical efficiency change in the production process. Under the premise of constant returns to scale (CRS), the Malmquist index (Tfpch) can be divided into technical change (Techch) and technical efficiency change (Effch):


Tfpch = Techch × Effch



(4)







Under the premise of variable returns to scale (VRS), technical efficiency change can be further divided into pure technical efficiency change (Pech) and scale efficiency change (Sech):


Effch = Pech × Sech



(5)







Specifically, in the field of agricultural production, a Malmquist index >1 represents agricultural production efficiency has increased compared with the previous comparison period. A Malmquist index < 1 represents agricultural production efficiency that has decreased compared with the previous comparison period. A Malmquist index = 1 represents agricultural production efficiency that is flat compared with the previous comparison period. Among indexes in Equations (4) and (5), technical change means the outward shift of the production frontier, that is, technical progress yields more output for the same input. Technical efficiency change refers to the improvement of resource utilization efficiency by improving the coordination of various agricultural input resources (e.g., land, capital, labor, etc.) under the conditions of the existing technology level, which brings agricultural production closer to the production frontier [14].




2.2.2. Dagum Gini Coefficient


Compared with the traditional Gini coefficient, Thiel’s index, and so on, the Dagum Gini coefficient G [32] is able to measure the sources of regional differences and the accuracy of the conclusions is higher, by taking account of the overlapping of sub-samples and their distribution. In this study, the Dagum Gini coefficient G was applied to measure the spatial variation and sources of agricultural Tfpch in China.
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According to Equation (6), the overall variation of agricultural Tfpch in China can be obtained, where yji (yhr) represents the value of agricultural Tfpch of any prefecture-level city in the j(h) region, n represents the number of all prefecture-level cities in China, μ represents the mean value of agricultural Tfpch in China, and k = 4 (that is the number of regions divided in this study). As shown in Equation (7), Dagum Gini coefficient G can be decomposed into intra-regional differences Gw, inter-regional differences Gnb, and intensity of transvariation Gt.




2.2.3. Spatial Autocorrelation Analysis


Global spatial autocorrelation analysis was applied to analyze the clustering degree of the Malmquist index. Moran’s I is one of the commonly used measures, which is calculated as:
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In Equation (8), Yi denotes the Malmquist index of a prefecture-level city i, Yj denotes the Malmquist index of prefecture-level city j, n is the number of prefecture-level cities, Y is the average value of the Malmquist index, and Wij is the spatial weight matrix. I > 0 means that the Malmquist index has an overall positive correlation in space, that is, prefecture-level cities with high or low values are clustered. I = 0 means that the Malmquist index is randomly distributed in space. I < 0 means that the Malmquist index has an overall negative correlation in space.



To further determine the exact locations where high- or low-value elements are spatially clustered, Getis-Ord Gi* is applied. It is calculated by the formula:
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In Equation (9) Wij is the spatial weight matrix, Xj is the Malmquist index of prefecture-level city n,     X  ¯    is the mean value of all prefecture-level cities’ Malmquist indexes, and n is the number of prefecture-level cities. Gi* > 0 means that the area is a hot spot area. Gi* < 0 means that the area is a cold spot area. Gi* = 0 means that the result is randomly generated. Significance tests were performed on the Gi* values to obtain the cold and hot spot areas with confidence intervals.





2.3. Theoretical Framework


The theoretical framework of this study is shown in Figure 1. This study selected the input and output indexes mentioned above for DEA. Tfpch and its decomposition indexes can be obtained by applying the DEA method. Then, this study used Dagum Gini, Moran’s I, Getis-Ord Gi*, standard deviation ellipse and mean center to analyze spatial-temporal patterns for promoting agricultural sustainable development.





3. Results


3.1. Temporal Variation Patterns of Total Factor Productivity in Agriculture


As shown in Table 2, the total agricultural factor productivity of China has continued to rise in general. From 2011 to 2020, the average national agricultural Tfpch is 1.045, with an average annual growth of 4.5%. Except for 2017, the agricultural Tfpch is greater than 1 in other years. This increase in agricultural output not brought about by the increase in input factors is closely related to China’s high emphasis on agricultural production and a series of agricultural protective and incentive policies implemented under the WTO framework, which are represented in the market price protection for agricultural products and income support for agricultural workers. At the same time, the improvement of farmers’ education level and technical training levels has effectively driven the increase in agricultural total factor productivity [33]. In addition, the continuous improvement of China’s opening-up, on the one hand, enables China to import agricultural production factors at lower prices. On the other hand, China can introduce and transform a number of foreign advanced agricultural production methods and production technologies, so as to promote the improvement of agricultural Tfpch [34]. The increasing investment in scientific research, especially in agriculture scientific research, also plays an important role in the improvement of agricultural total factor productivity [35].



In terms of the decomposition indexes of agricultural Tfpch, this study finds a trend of enhanced technical change and weakened technical efficiency change, which is worthy of attention. The increase in agricultural total factor productivity is mainly driven by technical change. The growth of technical change outweighs the decline of technical efficiency change. The growth of total factor productivity in agriculture mainly comes from the movement of the agricultural production frontier rather than the approach to the agricultural production frontier, which reflects that the utilization efficiency of input factors in China’s agricultural production needs to be improved, and agricultural technology adoption needs to be promoted in the near future.



In terms of scale efficiency change, the scale efficiency change of agricultural production in China is less than 1 in general. There is a phenomenon of weakening scale efficiency during the decade. It has resulted from China investing heavily in agricultural production with the goal of ensuring national food security, but it is difficult to expand the area of agricultural land [36], especially cultivated land, and the scale of agricultural production grows slowly (Table 2). The weakened scale efficiency of agricultural production also confirms from the opposite side the necessity of continuously deepening the reform of the rural land system and promoting moderate large-scale management of land in China [37].




3.2. Spatial Variation Patterns of Total Factor Productivity in Agriculture


3.2.1. Spatial Variation in Total Factor Productivity


The agricultural Tfpch shows significant spatial variation characteristics, affected by differences in agricultural resources, agricultural policies, industrial structure, and economic development conditions in prefecture-level cities (Figure 2).



The agricultural Tfpch in four major regions (Table 3) shows the spatial characteristics of western China > eastern China > central China > northeast China. Specifically, it is the highest in western China. First, the natural endowment of resources and the environment in this region is relatively poor, and its agricultural development foundation is also weak. In recent years, advanced agricultural technologies and typical models have been introduced, resulting in a significant “latecomer advantage” in this region [38]. Second, under the background of comprehensively promoting a targeted poverty alleviation strategy, compared with eastern, central, and northeast China, western China has generally received a series of more favorable poverty alleviation programs, such as the East-West poverty alleviation collaboration twinning relationship and poverty alleviation collaboration through enterprise cooperation [39]. Furthermore, natural disasters, especially geological disasters, are frequent in the western region. Natural disasters restrain the upgrading of agricultural production technology, but their consequences often lead to an increase rather than a decrease in agricultural infrastructure such as water conservancy facilities and rural roads, thereby promoting the agricultural total factor productivity by improving technical efficiency change [28].



Generally speaking, eastern China is endowed with superior resources such as water, heat, and terrain for agricultural production. Its strong ability to radiate external urbanization and industrialization, and the increasingly formed pattern of complementary functions and urban-rural integration have directly led to the improvement of agricultural production efficiency. However, at the same time, problems such as insufficient water supply, water pollution [40], and soil pollution [41] occurred sometimes, which need to be effectively addressed to ensure the sustainable improvement of agricultural production efficiency.



Central China is an important grain-producing region, and the proportion of agricultural employees to the total number of employees is higher than the national average. The proportion of rural surplus labor is large, and it is difficult to transfer to other industries, resulting in the restriction of agricultural land circulation and moderate large-scale management, which limits the improvement of agricultural total factor productivity [42].



As an important grain-producing region, northeast China has a long history of agricultural production and mature agricultural production technology. However, in recent years, the population, especially middle-aged labor, has been seriously lost [23] and its potential for further improvement in agricultural productivity is limited. This results in a high level of agricultural development, but the development speed lags behind other regions.



From the perspective of China’s four major economic regions, the four regions were all “technically driven”. Technical change (Techch) drove the improvement of agricultural total factor productivity, while technical efficiency change (Effch) hindered the improvement of agricultural total factor productivity. Further decomposition of the technical efficiency change (Effch) showed that only the pure technical efficiency change (Pech) in western China has increased, while all the other three regions showed a decline. The change in scale efficiency change (Sech) of the four regions all showed a downward trend, and the differences among regions were small.



The Dagum Gini coefficient was applied to measure the Gini coefficient of both China and four major regions during 2011–2020. The results showed an initial decrease and then an increase in the Gini coefficient of Tfpch. With the government’s policy support for underdeveloped regions, regional differences in agricultural development may decrease in some years, but there are large differences in natural elements such as sunlight, heat, water source and soil fertility in different regions [43]. Regional differences have been expanding since 2014, showing that there is still room for improvement in regional coordination of agricultural development.



During the study period, the contribution ratio of the intensity of transvariation was the largest, with an average of 64.53%, followed by the contribution ratio of intra-regional differences, with an average of 24.80%. The contribution ratio of inter-regional differences was the smallest, with an average of 10.65%. The contribution ratio of the intensity of transvariation to the overall differences of agricultural Tfpch in China remains at a high level. On the one hand, it represented a large number of “ungrouped” prefecture-level cities that split off from their groups into higher or lower groups. For example, in 2020, the level of agricultural Tfpch in northeast China was higher than in eastern, central and western China, but the agricultural Tfpch value in prefecture-level cities such as Jixi, Tieling, and Anshan was all less than 1, ranking at the bottom. On the other hand, the intensity of transvariation reflected the contribution of overlap between subsamples to the overall difference [44], which accounted for a high proportion in this study. This means there exist significant differences in agricultural development levels within the four major economic regions, and spatial mismatch between the division of economic regionalization and agricultural regionalization (Figure 3 and Figure 4).




3.2.2. Spatial Correlation of Agricultural Tfpch


This study analyzed the spatial correlation degree and the specific locations of spatial agglomeration of agricultural Tfpch from global and local perspectives by using Moran’s I and Getis-Ord Gi*.



According to the panel data, the Moran’s I index and its determination coefficient (Table 4) showed that the Moran’s I index in 2015 was statistically significant at the 5% significance level. The Moran’s I indices for 2011–2014 and 2016–2019 were statistically significant at the 1% significance level. The index in 2020 did not pass the significance test. The values of Moran’s I from 2011 to 2020 were all greater than 0. Agricultural Tfpch at the prefecture-level city scale presented characteristics of spatial agglomeration in most years, which was related to the high similarity of agricultural production conditions such as natural resource endowment in adjacent prefecture-level cities.



The analysis of agricultural Tfpch Getis-Ord Gi* (Figure 5) showed that hot spots were concentrated in southwest areas, such as the Yunnan-Guizhou Plateau, Sichuan Basin, and Hengduan Mountains, which were directly related to a series of poverty alleviation measures taken in recent years [39]. The cold spots were mainly distributed in northeast China, North China Plain and southern Xinjiang. Among them, the agricultural development foundation in northeast China was better, but the development speed was slower. The North China Plain was located in the Huang-Huai-Hai Plain, with superior natural and geographical conditions. However, due to the obvious trend of a non-agricultural labor force, especially the young and middle-aged labor force, in addition to the shortage of water resources in recent years [45], the agricultural output increase was curbed.




3.2.3. Spatial Migration of Agricultural Tfpch


To further reveal the spatial variation characteristics of agricultural Tfpch in 359 prefecture-level cities across China, the standard deviation ellipse and the migration trajectory of its gravity center were visually represented via ArcGIS 10.8 software (Figure 6). During the study period, the spatial distribution of agricultural Tfpch in China showed an overall pattern of “northeast-southwest”. The gravity center of agricultural Tfpch migrated within Nanyang, Henan Province and Xiangyang, Hubei Province, with an offset of about 52 km from northeast to southwest. The gravity center was far from the geometric center of China, indicating a disequilibrium in the spatial distribution of agricultural Tfpch. This migration of the gravity center supports the above-mentioned hot spot area of agricultural Tfpch in the western region of China from another perspective. It is worth noting that the agricultural production in eastern and northeast China was not inefficient, but the overall developing speed was relatively behind western China, forming a relatively cold spot area. At the same time, this further confirmed the findings that agricultural TFP grew faster in eastern and northeast China than in western China before 2010 [46] and that agricultural TFP grew faster in western than in eastern or northeast China since 2010 [30].





3.3. Agricultural Tfpch Clustering


We took the prefecture-level city as a basic unit, combining it with the values of three indexes of agricultural total factor productivity change (Tfpch), technical change (Techch), and technical efficiency change (Effch), and then applied the K-means clustering method in SPSS 16.0 software for type classification. Here are the resulting four types (Figure 7):




	(1)

	
High Tfpch-technical change and technical efficiency change double-wheel-driven cities (total of 21). This type was of very small number and sporadic distribution across China. Most of them were in underdeveloped areas, but their agricultural total factor productivity grew rapidly driven by the double-wheel-drive of technical change and technical efficiency change.




	(2)

	
Low Tfpch-technical efficiency change hindered cities (total of 49). This type was very few. Most of them were distributed in the interprovincial fringe areas in northwest, north and northeast China. These cities have poor natural conditions and low transportation accessibility, which limit the application of advanced agricultural technologies. In addition to administrative barriers between regions, the flow and optimal allocation of agricultural production factors were also restrained. It is crucial to strengthen infrastructure construction (e.g., transportation) and establish a regional coordination mechanism [47].




	(3)

	
Medium Tfpch-technical change and technical efficiency change double-wheel-driven cities (total of 124). The number of this type was large, and the decomposition indexes of agricultural Tfpch were relatively balanced. Most of them are distributed in south China, especially in southwest China.




	(4)

	
Medium Tfpch-technical change single-wheel-driven cities (total of 165). The number of this type was the largest. These cities are spread over most provinces, most of which are located in north China, northwest China and the Qinghai-Tibet region. The improvement of agricultural total factor productivity in such prefecture-level cities was mainly driven by technical change, but the promotion of agricultural technology adoption was limited. To realize the two-wheel-driven technical change and technical efficiency change and improve agricultural total factor productivity, the Chinese government should put efforts in the following aspects: the improvement of the agricultural technology adoption promotion system at the grassroots level, the enhancement of agricultural technology adoption promotion institutions to provide precise services with modern technology tools such as the Internet and artificial intelligence [48], and the promotion of the popularity of agricultural technology services [29,37].











4. Discussion


4.1. New Findings from the Study


As mentioned earlier, most relevant studies [28,31] concentrated on the time period before 2010, and mainly on how the scale efficiency change can promote the growth of agricultural TFP. In this study, the scale efficiency change hindered the growth of agricultural TFP in recent years, implying the urgency of implementing moderate large-scale management of land. This was mainly because after 2010, all the input factors of China’s agricultural production grew rapidly except the land factor, making it difficult to promote moderate large-scale management of land.



Most the relevant studies [42,46] before 2010 concluded that the growth of agricultural TFP in eastern China was faster than in western China. This was because government agricultural policies before 2010 were more inclined to improve efficiency, and eastern China, which has better natural conditions for agricultural production, was able to obtain more favorable policies. While agricultural policies after 2010 were more inclined to coordinate regional development and equity [27]. The level of agricultural development in western China was relatively low, thus it was able to obtain more favorable policies. Western China made full use of policies to stimulate the “latecomer advantage” and has the fastest agricultural TFP growth, suggesting that besides natural conditions, government policies played an important role in agricultural production efficiency growth.




4.2. Implications for Sustainable Agricultural Development in China


First, efforts should be made to optimize the flow and allocation of agricultural production factors through the balance between the government and the market mechanism. China should give full play to the administrative power of local governments, explore the establishment of regional coordination mechanisms, and break down the institutional barriers that hinder the cross-regional flow of production factors such as agricultural technology and labor [49,50]. Especially, low Tfpch-technical efficiency change hindered cities in the interprovincial fringe areas; in order to narrow regional differences and promote the coordinated development of urban and rural areas, it is necessary to break down the established administrative barriers, establish the concept of “one chessboard”, coordinate and cooperate in the allocation of agricultural production factors to achieve complementary advantages and development integration. It is essential to deepen the reform of “streamlining administration, decentralization, and optimizing government services “, reduce the institutional costs of agricultural production factor transactions, promote inter-regional agricultural technology exchange and the flow of agricultural talents, and improve agricultural infrastructure in backward areas. A study [51] in 17 major agriculture-producing countries mentions that government efficiency and government policy reform are important for promoting agriculture production efficiency.



Second, it is advised to promote “two-wheel-driven” technical change and technical efficiency change. China should improve the agricultural science and technology innovation system, increase the investment in agricultural science and technology research and development, and focus on the research and development of improved varieties and intelligent agricultural machinery [30]. The organization system and work system of agricultural technology adoption promotion should be also improved. In order to improve the suitability and conversion rate of new agricultural technology, especially in the medium Tfpch-technical change single-wheel-driven cities, two transformations should be realized: the transformation of the agricultural technology adoption promotion mechanism from “top-bottom” supply-oriented to demand-oriented, and from a government-led unitary system to an integrated system comprising government, family farms, agricultural cooperatives, large farmers, third-party service agencies and so on. A study [52] in the Republic of Malawi also points out that the number of promotion educators is essential for agricultural technology adoption promotion.



Third, China should promote efficient agricultural production and coordinated socio-economic development based on regional function positioning. It is essential to distinguish different types of areas and implement policies according to local conditions. Areas that are dominated by agricultural production should develop mechanized production, large-scale operations, and market-oriented sales. They are expected to actively explore the path of agricultural modernization and guarantee national food security [53]. Areas that dominated by urbanization and industrialization development should cultivate modern high-end agricultural science and technology talents, increase modern agricultural science and technology innovation, focus on developing capital-intensive and technology-intensive agriculture, and promote the development of high-quality agriculture and intelligent agriculture models. In areas dominated by ecological function protection, they should balance between protection and development, strictly control the use of pesticides and chemical fertilizers, and actively develop green agriculture and ecological agriculture to improve the market competitiveness of agricultural products [54]. A study [55] in the European Union also attaches great importance to classification and implementing policies according to local conditions.




4.3. Limitations and Prospects of this Study


This study provided a qualitative analysis of the variation in spatial-temporal patterns of agricultural Tfpch. Influenced by the difficulties in collecting data at the prefecture-level city scale, no further quantitative analysis has been conducted on the drivers of spatial and temporal variation. In addition, this study used total agricultural output value as the output index, which was a compromise made to unify the output of different types of crops. In fact, the outputs of different types of crops are very complex, and it is extremely difficult to uniformly quantify their output values. However, considering the small differences in market prices of major crops across China, it has little impact on the study of the national spatial-temporal pattern.



Future studies will focus on Chinese spatial differentiation of agricultural potential and explore whether it is positively or negatively correlated with natural conditions, economic factors and so on [56,57]. In addition, combining remote sensing data with statistical yearbooks and taking international trade into consideration in the future can be more convincible [52,58].





5. Conclusions


Based on the panel data of agricultural inputs and outputs of 359 prefecture-level cities across China from 2010 to 2020, this study measured their agricultural Tfpch using the DEA-Malmquist index method, analyzed the temporal evolution pattern of China’s agricultural Tfpch and its decomposition indexes during this period. This study applied the Dagum Gini coefficient, Moran’s I, Getis-Ord Gi*, standard deviation ellipse, migration of gravity center, etc., to reveal its spatial pattern and driving factors from different perspectives. The study findings are as follows.



	(1)

	
China’s agricultural TFP on the prefecture-level city scale kept growing from 2011 to 2020, with an average annual growth rate of 4.5%. The technical change was an important driver of China’s agricultural TFP growth, while technical efficiency change played a hindering role in general. Technical change can help reduce the harm of risks, especially climate risks [58].




	(2)

	
The spatial variation of China’s agricultural Tfpch was significant, with the western, eastern, central and northeast China in descending order. The higher growth rate in western China represented a good momentum of rapid agricultural development there and the improving coordination of regional agricultural production. However, compared with the long-term accumulated agricultural advantages in eastern and northeast China, western China needs to maintain this good momentum to continue to catch up. The Dagum Gini coefficient shows that the intensity of transvariation contributes most to regional differences. Significant spatial autocorrelation existed in China’s agricultural Tfpch, and there was a clear division of hot and cold between the northeast and southwest regions. As the highland of China’s agricultural production, northeast China needs urgent attention to increase the growth rate of agricultural production efficiency. Northeast China should make full use of the advantage of global temperature rise, which is more beneficial for high-latitude regions in agriculture production [2,59].




	(3)

	
The spatial distribution of agricultural Tfpch presented an overall “northeast-to-southwest” pattern, and the gravity center generally moved from the northeast to the southwest. The rapid rise of the southwest has a positive significance for the balanced development of regional agriculture in China. However, under the objective situation of relatively poor endowment conditions of agricultural land resources such as cultivated land and a fragile ecological environment, it remains to be seen whether this rapid growth momentum can be sustained in the southwest region.







The above conclusions will provide a reference for the agricultural policies of the Chinese government. The government should focus on not only agricultural technology innovation but also agricultural technology adoption promotion. After the completion of a targeted poverty alleviation strategy, the government is supposed to reconsider the policy of regional agriculture coordinated development.







Author Contributions


Conceptualization, H.Z. and Z.C.; Data curation, Y.Z.; Formal analysis, H.Z.; Funding acquisition, J.W.; Methodology, H.Z.; Project administration, J.W.; Software, H.Z.; Supervision, J.W.; Validation, Z.C., H.W. and Y.Z.; Visualization, Z.C.; Writing—original draft, H.Z.; Writing—review and editing, H.W. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the National Natural Science Foundation of China, grant number 42171266 and the Strategic Priority Research Program of the Chinese Academy of Sciences, grant number XDA28130400.




Data Availability Statement


Data is available in a publicly accessible repository.




Acknowledgments


We are thankful to the Center for Regional Agriculture and Rural Development (CRARD), IGSNRR, CAS for providing some research materials and valuable information.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



DeLay, N.D.; Thompson, N.M.; Mintert, J.R. Precision agriculture technology adoption and technical efficiency. J. Agric. Econ. 2022, 73, 195–219. [Google Scholar] [CrossRef]

	



Lin, H.-I.; Yu, Y.-Y.; Wen, F.-I.; Liu, P.-T. Status of Food Security in East and Southeast Asia and Challenges of Climate Change. Climate 2022, 10, 40. [Google Scholar] [CrossRef]

	



Janker, J.; Mann, S.; Rist, S. What is Sustainable Agriculture? Critical Analysis of the International Political Discourse. Sustainability 2018, 10, 4707. [Google Scholar] [CrossRef]

	



Anderson, W.; Baethgen, W.; Capitanio, F.; Ciais, P.; Cook, B.I.; Cunha, C.G.R.d.; Goddard, L.; Schauberger, B.; Sonder, K.; Podestá, G.; et al. Climate variability and simultaneous breadbasket yield shocks as observed in long-term yield records. Agric. For. Meteorol. 2023, 331, 109321. [Google Scholar] [CrossRef]

	



Laurett, R.; Paco, A.; Mainardes, E.W. Sustainable Development in Agriculture and its Antecedents, Barriers and Consequences-An Exploratory Study. Sustain. Prod. Consump. 2021, 27, 298–311. [Google Scholar] [CrossRef]

	



Liang, X.D.; Gong, Q.X.; Li, S.P.; Huang, S.Y.; Guo, G.X. Regional agricultural sustainability assessment in China based on a developed model. Environ. Dev. Sustain. 2022. [Google Scholar] [CrossRef]

	



Wang, J.Y.; Wang, X.Y.; Du, G.M.; Zhang, H.N. Temporal and Spatial Changes of Rural Settlements and Their Influencing Factors in Northeast China from 2000 to 2020. Land 2022, 11, 1640. [Google Scholar] [CrossRef]

	



Li, M.; Sicular, T. Aging of the labor force and technical efficiency in crop production Evidence from Liaoning province, China. China Agric. Econ. Rev. 2013, 5, 342–359. [Google Scholar] [CrossRef]

	



Xiao, H.; Zheng, X.Y.; Xie, L.Y. Promoting pro-poor growth through infrastructure investment: Evidence from the Targeted Poverty Alleviation program in China. China Econ. Rev. 2022, 71, 18. [Google Scholar] [CrossRef]

	



Wang, F.L.; Wu, L.; Zhang, F. Network Structure and Influencing Factors of Agricultural Science and Technology Innovation Spatial Correlation Network-A Study Based on Data from 30 Provinces in China. Symmetry 2020, 12, 1773. [Google Scholar] [CrossRef]

	



Liu, Y. Research on the urban-rural integration and rural revitalization in the new era in China. Acta Geogr. Sin. 2018, 73, 637–650. [Google Scholar]

	



Long, H.L.; Zhang, Y.N.; Tu, S.S. Rural vitalization in China: A perspective of land consolidation. J. Geogr. Sci. 2019, 29, 517–530. [Google Scholar] [CrossRef]

	



Fan, S.G.; Zhang, X.B. Production and productivity growth in Chinese agriculture: New national and regional measures. Econ. Dev. Cult. Chang. 2002, 50, 819–838. [Google Scholar] [CrossRef]

	



Atici, K.B.; Podinovski, V.V. Using data envelopment analysis for the assessment of technical efficiency of units with different specialisations: An application to agriculture. Omega Int. J. Manag. Sci. 2015, 54, 72–83. [Google Scholar] [CrossRef]

	



Chen, P.C.; Yu, M.M.; Chang, C.C.; Hsu, S.H. Total factor productivity growth in China’s agricultural sector. China Econ. Rev. 2008, 19, 580–593. [Google Scholar] [CrossRef]

	



Headey, D.; Alauddin, M.; Rao, D.S.P. Explaining agricultural productivity growth: An international perspective. Agric. Econ. 2010, 41, 1–14. [Google Scholar] [CrossRef]

	



Wang, G.Y.; Zhao, C.E.; Shen, Y.Z.; Yin, N. Estimation of cost efficiency of fattening pigs, sows, and piglets using SFA approach analysis: Evidence from China. PLoS ONE 2021, 16, 22. [Google Scholar] [CrossRef]

	



Djoumessi, Y.F. New trend of agricultural productivity growth in sub-Saharan Africa. Sci. Afr. 2022, 18, e01410. [Google Scholar] [CrossRef]

	



Yannick, D.F.; Bergaly, K.C. Productivité Agricole en Afrique Subsaharienne. 2020. Available online: https://aercafrica.org/wp-content/uploads/2020/11/E2aDjoumessi-Fosso-Yannick-and-Kamdem-Cyrille-Bergaly-FR-French.pdf (accessed on 20 January 2023).

	



Lee, J.Y. Comparing SFA and DEA methods on measuring production efficiency for forest and paper companies. For. Prod. J. 2005, 55, 51–56. [Google Scholar]

	



Wagan, S.A.; Memon, Q.U.; Li, Q.; Luan, J.D. Measuring the efficiency of Pakistani rice production via stochastic frontier and data envelopment analyses. Custos Agronegocio Line 2019, 15, 63–86. [Google Scholar]

	



Murova, O.; Chidmi, B. Technical efficiency of US dairy farms and federal government programs. Appl. Econ. 2013, 45, 839–847. [Google Scholar] [CrossRef]

	



Liu, S.W.; Zhang, P.Y.; He, X.L.; Li, J. Efficiency change in North-East China agricultural sector: A DEA approach. Agric. Econ. 2015, 61, 522–532. [Google Scholar] [CrossRef]

	



Li, X.G.; Zhang, Y.Q.; Liang, L.P. Measure of agricultural production input/output efficiency and the spatial disparity analysis in China. Custos Agronegocio Line 2017, 13, 408–420. [Google Scholar]

	



Sun, X.X.; Li, J.; Li, L. Estimating circular agricultural efficiency using dea methods. Agro Food Ind. Hi-Tech 2016, 27, 94–98. [Google Scholar]

	



Jin, S.Q.; Huang, J.K.; Hu, R.F.; Rozelle, S. The creation and spread of technology and total factor productivity in China’s agriculture. Am. J. Agric. Econ. 2002, 84, 916–930. [Google Scholar] [CrossRef]

	



Shen, Z.Y.; Balezentis, T.; Ferrier, G.D. Agricultural productivity evolution in China: A generalized decomposition of the Luenberger-Hicks-Moorsteen productivity indicator. China Econ. Rev. 2019, 57, 19. [Google Scholar] [CrossRef]

	



Ma, S.Z.; Feng, H. Will the decline of efficiency in China’s agriculture come to an end? An analysis based on opening and convergence. China Econ. Rev. 2013, 27, 179–190. [Google Scholar] [CrossRef]

	



Shen, Z.Y.; Wang, S.K.; Boussemart, J.P.; Hao, Y. Digital transition and green growth in Chinese agriculture. Technol. Forecast. Soc. Chang. 2022, 181, 14. [Google Scholar] [CrossRef]

	



Zhang, F.; Wang, F.L.; Hao, R.Y.; Wu, L. Agricultural Science and Technology Innovation, Spatial Spillover and Agricultural Green Development-Taking 30 Provinces in China as the Research Object. Appl. Sci. 2022, 12, 845. [Google Scholar] [CrossRef]

	



Hu, B.D.; McAleer, M. Estimation of Chinese agricultural production efficiencies with panel data. Math. Comput. Simul. 2005, 68, 475–484. [Google Scholar] [CrossRef]

	



Dagum, C. A new approach to the decomposition of the Gini income inequality ratio. Empir. Econ. 1997, 22, 515–531. [Google Scholar] [CrossRef]

	



Zhang, Y.M.; Diao, X.S. The changing role of agriculture with economic structural change-The case of China. China Econ. Rev. 2020, 62, 21. [Google Scholar] [CrossRef]

	



Epifani, P.; Gancia, G. Trade, markup heterogeneity and misallocations. J. Int. Econ. 2011, 83, 1–13. [Google Scholar] [CrossRef]

	



Wang, L.L.; Wang, X.W.; Piro, F.N.; Philipsen, N.J. The effect of competitive public funding on scientific output: A comparison between China and the EU. Res. Evaluat. 2020, 29, 418–430. [Google Scholar] [CrossRef]

	



Chen, Y.; Wang, J. China’s food security situation and strategy under the background of opening-up. J. Nat. Resour. 2021, 36, 1616–1630. [Google Scholar] [CrossRef]

	



Mengui, K.C.; Oh, S.; Lee, S.H. The Technical Efficiency of Smallholder Irish Potato Producers in Santa Subdivision, Cameroon. Agriculture 2019, 9, 259. [Google Scholar] [CrossRef]

	



Vu, K.M.; Asongu, S. Backwardness advantage and economic growth in the information age: A cross-country empirical study. Technol. Forecast. Soc. Chang. 2020, 159, 15. [Google Scholar] [CrossRef]

	



Liu, Y.S.; Guo, Y.Z.; Zhou, Y. Poverty alleviation in rural China: Policy changes, future challenges and policy implications. China Agric. Econ. Rev. 2018, 10, 241–259. [Google Scholar] [CrossRef]

	



Rajput, R.S.; Pandey, S.; Bhadauria, S. Status of water pollution in relation to industrialization in Rajasthan. Rev. Environ. Health 2017, 32, 245–252. [Google Scholar] [CrossRef]

	



Li, K.; Wang, J.Y.; Zhang, Y.W. Heavy metal pollution risk of cultivated land from industrial production in China: Spatial pattern and its enlightenment. Sci. Total Environ. 2022, 828, 14. [Google Scholar] [CrossRef]

	



Monchuk, D.C.; Chen, Z.; Bonaparte, Y. Explaining production inefficiency in China’s agriculture using data envelopment analysis and semi-parametric bootstrapping. China Econ. Rev. 2010, 21, 346–354. [Google Scholar] [CrossRef]

	



Liu, Y.; Zhang, Z.; Wang, J. Regional differentiation and comprehensive regionalization scheme of modern agriculture in China. Acta Geogr. Sin. 2018, 73, 203–218. [Google Scholar]

	



Zhang, Z.; Zhang, T.; Feng, D. Study on Regional Differences, Dynamic Evolution and Convergence of Carbon Emission Intensity in China. Quant. Tech. Econ. 2022, 39, 67–87. [Google Scholar]

	



Yang, G.Y.; Li, S.Y.; Wang, H.; Wang, L. Study on agricultural cultivation development layout based on the matching characteristic of water and land resources in North China Plain. Agric. Water Manag. 2022, 259, 12. [Google Scholar] [CrossRef]

	



Chen, Z.; Song, S.F. Efficiency and technology gap in China’s agriculture: A regional meta-frontier analysis. China Econ. Rev. 2008, 19, 287–296. [Google Scholar] [CrossRef]

	



Wen, L.; Li, H.P. Estimation of agricultural energy efficiency in five provinces: Based on data envelopment analysis and Malmquist index model. Energy Sources Part A Recovery Util. Environ. Eff. 2022, 44, 2900–2913. [Google Scholar] [CrossRef]

	



Chen, Q.; Zhang, C.; Hu, R.; Sun, S. Can Information from the Internet Improve Grain Technical Efficiency? New Evidence from Rice Production in China. Agriculture 2022, 12, 2086. [Google Scholar] [CrossRef]

	



Mo, B.B.; Hou, M.Y.; Huo, X.X. Re-Estimation of Agricultural Production Efficiency in China under the Dual Constraints of Climate Change and Resource Environment: Spatial Imbalance and Convergence. Agriculture 2022, 12, 22. [Google Scholar] [CrossRef]

	



Deb, L.; Lee, Y.; Lee, S.H. Market Integration and Price Transmission in the Vertical Supply Chain of Rice: An Evidence from Bangladesh. Agriculture 2020, 10, 271. [Google Scholar] [CrossRef]

	



Yasmeen, R.; Tao, R.; Shah, W.U.; Padda, I.U.; Tang, C.H. The nexuses between carbon emissions, agriculture production efficiency, research and development, and government effectiveness: Evidence from major agriculture-producing countries. Environ. Sci. Pollut. Res. 2022, 29, 52133–52146. [Google Scholar] [CrossRef]

	



Mungai, L.M.; Messina, J.P.; Snapp, S. Spatial Pattern of Agricultural Productivity Trends in Malawi. Sustainability 2020, 12, 22. [Google Scholar] [CrossRef]

	



Chen, Y.F.; Li, X.D.; Wang, L.J.; Wang, S.H. Is China different from other investors in global land acquisition? Some observations from existing deals in China’s Going Global Strategy. Land Use Policy 2017, 60, 362–372. [Google Scholar] [CrossRef]

	



Pang, J.X.; Chen, X.P.; Zhang, Z.L.; Li, H.J. Measuring Eco-Efficiency of Agriculture in China. Sustainability 2016, 8, 15. [Google Scholar] [CrossRef]

	



Domagała, J. Economic and Environmental Aspects of Agriculture in the EU Countries. Energies 2021, 14, 7826. [Google Scholar] [CrossRef]

	



Prus, P.; Dziekanski, P.; Bogusz, M.; Szczepanek, M. Spatial Differentiation of Agricultural Potential and the Level of Development of Voivodeships in Poland in 2008–2018. Agriculture 2021, 11, 27. [Google Scholar] [CrossRef]

	



Lange, A.; Piorr, A.; Siebert, R.; Zasada, I. Spatial differentiation of farm diversification: How rural attractiveness and vicinity to cities determine farm households’ response to the CAP. Land Use Policy 2013, 31, 136–144. [Google Scholar] [CrossRef]

	



Chavas, J.P.; Rivieccio, G.; Di Falco, S.; De Luca, G.; Capitanio, F. Agricultural diversification, productivity, and food security across time and space. Agric. Econ. 2022, 53, 41–58. [Google Scholar] [CrossRef]

	



Beillouin, D.; Cardinael, R.; Berre, D.; Boyer, A.; Corbeels, M.; Fallot, A.; Feder, F.; Demenois, J. A global overview of studies about land management, land-use change, and climate change effects on soil organic carbon. Glob. Chang. Biol. 2022, 28, 1690–1702. [Google Scholar] [CrossRef]








[image: Agriculture 13 00718 g001 550] 





Figure 1. The theoretical framework of this study. 
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Figure 2. Agricultural Tfpch of prefecture-level cities in 2011 (a), 2012 (b), 2013 (c), 2014 (d), 2015 (e), 2016 (f), 2017 (g), 2018 (h), 2019 (i) and 2020 (j). 
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Figure 3. Gini coefficient of agricultural Tfpch during 2011–2020. 
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Figure 4. Decomposition contribution ratio of Gini coefficient of agricultural Tfpch during 2011–2020. 
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Figure 5. Getis-Ord Gi* of agricultural Tfpch in China. 
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Figure 6. Standard deviation ellipse of agricultural Tfpch and its gravity center migration trajectory. 
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Figure 7. Four types of Agricultural Tfpch spatial clustering analysis. 
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Table 1. Statistical description of output and input indexes.
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	Statistics
	Total Agricultural Output Value (Million Yuan)
	Total Sown Area of Crops (Thousand Hectares)
	Consumption of Chemical Fertilizers in Agriculture (Million Tons)
	Total Power of Agriculture Machinery (Million Kilowatts)
	The Number of Employees in Agriculture, Forestry, Animal Husbandry and Fishery (Persons)





	Average
	2401.670
	611.364
	15.596
	2623.391
	718,304.258



	Median
	1961.668
	354.361
	10.641
	203.308
	610,302



	Maximum
	23,249.818
	471,304.900
	97.730
	6,249,295
	6,261,200



	Minimum
	5.077
	0.289
	0.001
	0.162
	61



	Standard deviation
	2054.968
	7819.627
	15.354
	106,497.230
	620,524.767



	Sample numbers
	3949
	3949
	3949
	3949
	3949
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Table 2. Agricultural Tfpch and its decomposition indexes in China, 2011–2020.
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	Year
	Tfpch
	Techch
	Effch
	Pech
	Sech





	2011
	1.050
	0.995
	1.055
	0.973
	1.084



	2012
	1.064
	1.067
	0.997
	1.084
	0.919



	2013
	1.047
	1.094
	0.957
	0.97
	0.987



	2014
	1.039
	1.059
	0.981
	0.982
	0.999



	2015
	1.033
	1.051
	0.983
	0.962
	1.021



	2016
	1.043
	1.009
	1.034
	1.026
	1.008



	2017
	0.976
	0.962
	1.014
	0.931
	1.090



	2018
	1.062
	1.221
	0.870
	0.962
	0.905



	2019
	1.078
	1.021
	1.056
	1.045
	1.010



	2020
	1.059
	1.116
	0.949
	1.036
	0.916



	Average
	1.045
	1.057
	0.988
	0.996
	0.992
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Table 3. Agricultural Tfpch and its decomposition factors in four major regions of China.
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	Region
	Tfpch
	Techch
	Effch
	Pech
	Sech





	China
	1.045
	1.057
	0.988
	0.996
	0.992



	Northeast China
	1.034
	1.059
	0.977
	0.985
	0.991



	Eastern China
	1.040
	1.056
	0.984
	0.992
	0.992



	Central China
	1.040
	1.058
	0.983
	0.991
	0.992



	Western China
	1.057
	1.058
	1.000
	1.007
	0.992
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Table 4. Spatial autocorrelation test of agricultural Tfpch.
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	Year
	Moran’s I
	Z
	P





	2011
	0.146 1
	11.149
	0.001



	2012
	0.038 1
	3.426
	0.001



	2013
	0.105 1
	8.108
	0.001



	2014
	0.176 1
	13.304
	0.001



	2015
	0.029 2
	2.547
	0.010



	2016
	0.071 1
	5.690
	0.001



	2017
	0.068 1
	5.373
	0.001



	2018
	0.112 1
	9.033
	0.001



	2019
	0.107 1
	8.346
	0.001



	2020
	0.015
	1.390
	0.164







1 and 2 represent significant at the statistical level of 1% and 5%, respectively. Z scores represent standard deviations. P values represent the probability that the observed spatial pattern is created by a random process. 
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