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Abstract

:

A stochastic frontier approach (SFA) model of translog production function was constructed to analyze the growth effect of agricultural production factors on grain production in China. Under the condition of unchanged cultivated land, the agricultural labor, capital, and water were regarded as input elements of the agricultural production function. The maximum likelihood estimation (MLE) method was used to analyze the technical efficiency, output elasticity, substitution elasticity, and relative variability of grain production in China from 2004 to 2018. The results showed that: (1) For the technical efficiency and output elasticity of the input factors of grain production, there were significant differences in different provinces. For example, the water resource was insufficient in Beijing and Shanghai, but the output elasticity of water was high. Heilongjiang was rich in water and had high technical efficiency. For Xinjiang, water was sufficient, but its output elasticity was deficient and the technical efficiency didn’t increase. (2) The overall technical efficiency level was relatively low and was still declining year by year; the output elasticity of water was much greater than that of capital. There was still great potential for grain growth. (3) Optimizing resource allocation and controlling the appropriate ratio of input factors to develop grain production could achieve the maximum benefits. Finally, according to the empirical results, this paper put forward some practical policy suggestions for optimizing the allocation of input factors, especially water and capital, which can ultimately improve agricultural productivity by improving technical efficiency.
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1. Introduction


With the accelerated development of agricultural production, capital, labor, water, and land are becoming increasingly scarce [1], fertilizer and pesticide inputs are increasing, and the ecological environment is deteriorating [2]. As part and parcel of corporate social responsibility, water pollution control in grain production also complies with the rise of today’s consciousness of environmental evolutions such as climate change [3,4,5]. Real options are needed to approach to the challenge of grain production sustainability for water resource protection [6]. Realizing the rational allocation of agricultural production factors and protecting water resources is an issue that needs to be solved for the current sustainable growth of grain [7,8]. At the present stage, the growth mode of grain yield in China is excessively dependent on the increase of the input factors [9]. This “extensive” production mode will undoubtedly lead to scale inefficiency, redundant inputs, and waste of resources [10]. Meanwhile, the high-quality labor, capital, water, and other resources required for agricultural production are attracted to urban areas with increasing returns [11]. As a result, it is challenging to achieve coordinated matching of the inputs of agricultural production factors. Therefore, in-depth analysis of the technical efficiency of grain production, the output elasticity, substitution elasticity and variation degree of production factors, and handling of the input–output relationship of agricultural production factors are the key to improving the allocation efficiency of grain production factors in China.



Many research studies have been carried out on this topic. On the one hand, a well-known phenomenon of grain production is that it takes into account the different input factors, such as labor [12], land [13], fertilizer [14,15], machinery [16], multiple crop index [17], plastic sheeting [18], market [19], climate change [20], policy [21,22], and so on, as well as the comparison of the disparity in efficiency and elasticity. For example, Truc Linh [23] considered that productivity growth was strongly correlated with environmental performance. Jose [24] believed that climate conditions, soil irrigation, and other factors affected the agricultural production efficiency of Brazil. At the same time, Shiferawt Holden [25] held that the continuous degradation of soil conditions was an important factor. Vollrath [26] thought that the inequality of cultivated land resource allocation had an impact on agricultural production efficiency. Water pollution in Egypt adversely affected crop yields and agricultural production, reducing technical efficiency [27]. Moreover, the agricultural technical efficiency of Nigeria was 81%, and crop diversity could increase technical efficiency [28]. The region with the highest average technical efficiency was the central region (90%) in India, where the agricultural experience and age were major factors in technical inefficiency [29]. The sum of output elasticity of each production element in the United States was 1.2, which showed the state of increasing returns to scale [30]; the output elasticity of agricultural labor was around 0.5, while the output elasticity of agricultural land was lower than that of labor by as much as 0.2 in Japan [31]; and the difference of output elasticity of agricultural production factors in 127 countries was small, around 0.2 [32].



Different methods and techniques of measurement were used, mainly including data envelopment analysis (DEA) [33,34], stochastic frontier approach (SFA) [35,36], and combining DEA and SFA with other methods. For example, Min et al. [37] calculated that there was a hidden danger of decline in the technical efficiency of Hubei province based on sequence DEA. Mareth et al. [38] used DEA and quantile regression to calculate the technical efficiency score of agricultural growth, while Liu et al. [39] used a three-stage DEA model to compare the production efficiency of Yangxian county and surrounding counties. Victor et al. [40] used SFA, DEA, and generalized cross-entropy (GCE) methods to obtain the importance of resource productivity and subsidies to agricultural technology efficiency. Feng et al. [41] combined the Tobit model to analyze the main influencing factors of grain counties in Jilin Province. Liu [42] used DEA and a nonparametric Malmquist index to analyze and evaluate grain production efficiency in underdeveloped areas of China. Mwangi [43] used the Cobb–Douglas production function to measure the technical efficiency of tomato production and Fan et al. [44] used the translog stochastic frontier production function to measure the frequency distribution of technical efficiency of grain production and the elasticity coefficient of input–output.



However, this appears as a more straightforward problem compared to the input of water, which is even more challenging because grain production is mainly dependent on water resources. In the process of grain production, similar studies were done on water efficiency [45], allocation of grain production factors [46], and the ways to improve production efficiency [47]. We found that grain production efficiency in China was generally low, and the eastern coastal areas generally showed a trend of efficiency reduction [48]. For the estimation of output elasticity of agricultural production factors, labor and capital were the main factors that determined agricultural output [49]. The scarcity of irrigation water would limit grain production, and at the same time, it would induce agricultural technology retrogression and reduce the elasticity of the food supply [50]. Regarding the elasticity of substitution, the development of an agricultural machinery service had a substitution relationship with labor output elasticity and had a complementary relationship with the output elasticity of chemical fertilizers and machinery [51]. The food industry of our country was in a stage of increasing returns to scale with technological progress [52]. Previously published studies have been limited to the qualitative analysis of the input factors of water, and few studies have focused on technical efficiency and output elasticity of the water. It is impossible to plan quantitative quota according to local conditions to realize the optimal allocation of water resources.



To our knowledge, the SFA method could be used as a reference for sample fitting degree and statistical properties through statistical tests compared with the sensitivity of the commonly used DEA method to abnormal data under the condition of large samples [53,54]. Therefore, we propose this method combining the translog production function to estimate the stochastic production frontier and technical efficiency loss function at the same time. Water is one of the most critical inputs for grain growth and agriculture development. It is of interest to know whether the intake of water increased understanding of grain production. This paper aimed to assess the extent to which these factors affect the technical efficiency loss under the premise of being unbiased and effective. It could also effectively estimate the output elasticity, substitution elasticity, and relative variability of grain production. The research can provide a theoretical framework and technical support for comprehensive management, which is of great significance to the development of China’s agriculture. The paper is organized as follows: Section 2 introduces the study area, framework, methodology, and data sources. Section 3 describes the results. The main discussion is presented in Section 4. Section 5 gives the conclusions of the study.




2. Materials and Methods


2.1. Study Area


China is a country with a large population and agricultural production. There is a total of 31 provinces in China (Figure 1). The resource endowments and regional structure of grain production in each province are different, and the food output varies greatly. Among them, the Northeast is the main grain production area, including Heilongjiang, Jilin, and Liaoning, and is also one of the world’s three largest black soil regions, accounting for about 20% of the country’s total food output. The abundance or shortage of food in the Northeast is directly related to national food security. It affects the healthy development of China’s economy and social stability. Therefore, the grain production situation of the Northeast is listed separately and compared with the nation.



In the past 18 years, the average annual accumulated grain output of the nation was   5.52 ×   10  8    tons, and that of the Northeast was   9.97 ×   10  7    tons. Among them, the total national yield of soybeans was   1.48 ×   10  7    tons and the Northeast was   6.79 ×   10  6    tons, which accounted for 45.88%. Nearly half of China’s soybeans were produced in the Northeast.




2.2. Operational Framework


To study the growth effect of agricultural production factors on grain production in China, the input factors of agricultural labor, capital, and water resources were considered as the input elements under the condition of unchanged cultivated land conditions. The stochastic frontier approach (SFA) of the translog was constructed to analyze the technical efficiency, output elasticity, substitution elasticity, and relative variability, and compared the situation between the nation and the Northeast to study regional characteristics, and finally, give the corresponding resource optimization allocation, water resources protection policy, and so on. An operational framework is shown (Figure 2).




2.3. Modeling


2.3.1. SFA Model


The method of maximum likelihood estimation (MLE) was used by the SFA model [55] to determine the frontier boundary, which is a random boundary model with a compound disturbance term. Its frontier was random, and the conclusions obtained were closer to the actual situation.



Under the panel data, it is assumed that there are  i  decision making units (DMU) and observation values in the period of time    (  i = 1 , ⋯ , N ; t = 1 , ⋯ , T  )   , and each DMU has  x  input and  y  output    (  x = 1 , ⋯ , X ; y = 1 , ⋯ , Y  )   . The input of the  n th DMU in period  t  is    x  i t    , the output is    y  i t    , and the production function is   f  (   x  i t   , β  )   , where  β  is the parameter value. According to the stochastic frontier model method, its SFA model can be expressed as:


   y  i t   = f  (   x  i t   , β  )  ⋅ e x p (  ε  i t   )  



(1)






   ε  i t   =  v  i t   −  u  i t    



(2)




where,    ε  i t     is the error term (also known as random disturbance term), which is composed of two parts: one is    v  i t    , namely the impact of external environmental factors and other random variables on output (also known as random error term); the other is    u  i t    , namely the impact of technical inefficiency on output (also known as the non-negative error term).



Taking the logarithm of both sides of Equation (1), the following linear form can be obtained:


  l n   y  i t   = l n  f  (   x  i t   , β  )  +  v  i t   −  u  i t    



(3)




where    v  i t     and    u  i t     obey independent and uncorrelated distribution, in which    v  i t     is the classical noise term obeying the standard normal distribution, while    u  i t     is mostly used as a semi-normal distribution or truncated normal distribution in the calculation of efficiency. The complex disturbance term does not satisfy the classical assumption of least squares estimation, so the ordinary least square (OLS) method can not be used for estimation, and the maximum likelihood estimate (MLE) is adopted.



The model has the following assumptions:




	(1)

	
Random error term:


   v  i t   ∼ i i d N  (  0 ,  σ v 2   )   



(4)













It is mainly caused by uncontrollable factors, such as natural disasters and weather factors.




	(2)

	
Non-negative error term:


   u  i t   ∼ i i d  N +   (  μ ,  σ u 2   )   



(5)













The truncated normal distribution (the part less than zero is truncated) is taken, and    v  i t     and    u  i t     are independent of each other.



	(3)

	
   v  i t    ,    u  i t    , and explanatory variable    x  i t     are independent of each other.








2.3.2. Technical Efficiency


Technical efficiency [56] has been improved on the basis of previous research and introduced the concept of time so that the SFA model can evaluate the efficiency of panel data [57]. The representative definition of technical efficiency is given by [58] from the perspective of input in the paper “Measurement of Production Efficiency”. Technical efficiency refers to the percentage of the minimum cost to the actual cost of producing a certain amount of products according to the given input proportion of factors under the condition of constant output scale and market price.



Assuming that the actual output level is    y  i t     and the output at the stochastic frontier is    y  i t  ∗   , then the distance between the two is the efficiency loss, also known as the technical efficiency, which is represented by   T  E  i t     as follows:


  T  E  i t   =    y  i t      y  i t  ∗    e x p ( −  u  i t   )  



(6)






   u  i t   =  η t   u i  = { e x p [ − η  (  t − T  )  ] } ∗  u i   



(7)






   η t  = e x p [ − η  (  t − T  )  ]  



(8)




where    η t    is a parameter used to measure the changes of technical efficiency over time. If  η  is statistically significant, it means that technical efficiency will change significantly over time.   η > 0 ,   η < 0 ,   η = 0   indicate that the absolute value of technical efficiency loss becomes smaller, larger, or remains unchanged with time.  T  represents the trend of advanced technological progress. As shown above,  μ  and    σ u    are the mean and standard deviation of technical efficiency loss respectively, namely    u  i t   ∼ i i d  N +   (  μ ,  σ u 2   )   .



In addition, through the variance of    v  i t   ∼ i i d N  (  0 ,  σ v 2   )    and    u  i t   ∼ i i d  N +   (  μ ,  σ u 2   )   , there is   γ =  σ u 2  /  (   σ u 2  +  σ v 2   )   ,  γ  is between 0 and 1, which reflects the proportion of technical inefficiency in the random disturbance. If   γ = 0  , it means that the output level of the frontier in the model is completely caused by the random disturbance term. That is to say, we do not need to adopt the stochastic frontier analysis method at this time. When  γ  is closer to 1, it shows that after controlling the input factors, the larger the ratio of the production fluctuation caused by technical inefficiency, the more suitable the stochastic frontier analysis method.



The method of maximum likelihood estimation (MLE) was used by the SFA model [55] to determine the frontier boundary, which was a random boundary model with a compound disturbance term. Its frontier was random, and the conclusions obtained were closer to the actual situation.




2.3.3. The SFA Model of Translog Production Function


Translog production function is a kind of variable elasticity production function that is easy to estimate and has strong tolerance [59,60]. It belongs to the quadratic response surface model in structure and can better study the interaction mechanism of input factors in production function, the difference of various input technological progress, and the changes of technological progress over time [61,62].



Since the SFA method achieved an accurate description of the production process of the production unit, it took into account the influence of random factors on the production frontier by incorporating the classical white noise term [63,64,65], so that this method was highly consistent with the essential characteristics of agricultural production [66]. It was often affected by natural disasters such as weather, floods, droughts, pests, and other natural disasters in agricultural production. Based on the above analysis, combined with previous research results [67], when the cultivated land remained unchanged, this study selected capital (K), labor (L), and water (W) as input indicators, namely independent variables, while grain output was the output indicator, namely dependent variables. The specific model was constructed as follows:


   l n   y  i t   =  β 0  +  β K  l n   K  i t   +  β L  l n   L  i t   +  β W   l n   W  i t      +  1 2   β  K K     ( l n   K  i t   )  2  +  1 2   β  L L     ( l n   L  i t   )  2  +  1 2   β  W W     ( l n   W  i t   )  2     +  β  K L    l n   K  i t   ⋅ l n   L  i t   +  β  K W    l n   K  i t   ⋅ l n   W  i t   +  β  L W    l n   L  i t   ⋅ l n   W  i t   +  v  i t   −  u  i t     



(9)




where  β  is the parameter value to be estimated,    y  i t     is the total food output in  t  years of province  i ,    K  i t     is the financial investment of agricultural mechanization in  t  years of province  i ,    L  i t     is the agricultural population in  t  years of  i  provinces, and    W  i t     is the agricultural water consumption in  t  years of province  i .



The output elasticity of capital is as follows:


  E  K  i t   =   d  y  i t   /  y  i t     d  K  i t   /  K  i t     = ∂  l n   y  i t   / ∂  l n   K  i t   =  β K  +  β  K K    l n   K  i t   +  β  K L    l n   L  i t   +  β  K W    l n   W  i t   .  



(10)







The output elasticity of labor is as follows:


  E  L  i t   =   d  y  i t   /  y  i t     d  L  i t   /  L  i t     = ∂  l n   y  i t   / ∂  l n   L  i t   =  β L  +  β  L L    l n   L  i t   +  β  K L    l n   K  i t   +  β  L W    l n   W  i t   .  



(11)







The output elasticity of water is as follows:


  E  W  i t   =   d  y  i t   /  y  i t     d  W  i t   /  W  i t     = ∂  l n   y  i t   / ∂  l n   W  i t   =  β W  +  β  W W    l n   W  i t   +  β  K W    l n   K  i t   +  β  L W    l n   L  i t   .  



(12)







The output elasticity of total input is as follows:


  R T S = E  K  i t   + E  L  i t   + E  W  i t   .  



(13)







Among them, the output elasticity of capital refers to how many percentage points the output will increase when the input of capital increases by 1% under the condition that other influencing factors remain unchanged in the same period. Similarly, the output elasticity of labor and water is the same as that of capital.



All kinds of input factors interact with each other, so it is necessary to investigate their substitution elasticity. There are different expressions of this parameter in microeconomic theory. In this paper, substitution elasticity as defined by [68] is adopted, that is, the ratio between the rate of change of the ratio of two factors and the change of marginal technology replacement rate, which reflects the change of relative proportion caused by the change of marginal technology replacement rate of input factors. The substitution elasticity formula expressed by the output elasticity of each input factor is derived as follows:



The substitution elasticity of capital (K) and labor (L) is as follows:


  E  S  K L   =   d  l n   (   K L   )    d  l n   (    M  P L    M  P K     )    =   d  (   K L   )    d  (    M  P L    M  P K     )    ∗     M  P L    M  P K       K L    .  



(14)







By substituting the formula of (10) and (11), we further sorted out:


   E  S  K L   =  1   [  1 +   −  β  K L   +   E  K  i t     E  L  i t     ∗  β  L L     − E  K  i t   + E  L  i t      ]       =    [  1 +  (  −  β  K L   +   E  K  i t     E  L  i t     ∗  β  L L    )    ( − E  K  i t   + E  L  i t   )   − 1    ]    − 1      =     E  L  i t    2  − E  K  i t   E  L  i t       E  L  i t    2  − E  K  i t   E  L  i t   −  β  K L   E  L  i t   +  β  L L   E  K  i t     .   



(15)







Accordingly, the substitution elasticity of capital (K) and water (W) is as follows:


  E  S  K W   =     E  W  i t    2  − E  K  i t   E  W  i t       E  W  i t    2  − E  K  i t   E  W  i t   −  β  K W   E  W  i t   +  β  W W   E  K  i t     .  



(16)







The substitution elasticity of labor (L) and water (W) is as follows:


  E  S  L W   =     E  W  i t    2  − E  L  i t   E  W  i t       E  W  i t    2  − E  L  i t   E  W  i t   −  β  L W   E  W  i t   +  β  W W   E  L  i t     .  



(17)







The substitution elasticity of capital and labor refers to the percentage change of the input ratio of capital and labor when the relative marginal productivity of capital and labor changes by 1% when the output is constant. Similarly, the elasticity of substitution between capital and water and labor and water are the same as that of capital and labor.



Relative variability:


   C  i t   =    σ  i t     T  E  i t      



(18)




where,    C  i t     is the relative variability in  t  year of the  i  province,    σ  i t     is the standard deviation in  t  year of the province  i , and   T  E  i t     is the technical efficiency in  t  year of the province  i .





2.4. Data Requirements and Preparation


This paper selected 30 provinces in China as samples (the lack of data in Tibet was not included). In terms of period, we chose the data from 2004 to 2018 to cover 15 years. The data came from the “China Statistical Yearbook (2004–2018)” and “Water Resources Bulletin” of provincial data. Considering the availability of data, capital data were replaced by financial input in agricultural mechanization investment, labor data were replaced by agricultural population, water resources data were replaced by agricultural water consumption, and food data were replaced by total food output of each province. Some data that could not be directly obtained were filled by the linear fitting.



In this paper, the Frontier 4.1 software was used to estimate the above-mentioned setting model. We believe that, based on the cross-provincial data of China over the past 15 years, the application of the SFA model to calculate the technical efficiency is more convincing than a simple time series or cross-section research.





3. Results


3.1. Descriptive Statistics of Variables


This paper selected 30 provinces in China and included 450 observations in the research period from 2004 to 2018. The descriptive statistical results of each variable are given (Table 1).



In the sample, the average grain yield was   1928.38 ×   10  4     tons   , the maximum was   7615.80 ×   10  4     tons   , and the minimum was only   34.14 ×   10  4     tons   . Among the input factors, the average values of capital, labor, and water were   9.18 ×   10  8     yuan   ,   2417.29 ×   10  4    people, and   123.50 ×   10  8       m   3   . Among them, the maximum value of water was   561.75 ×   10  8       m   3    and the minimum value was   4.20 ×   10  8       m   3   .



Due to the different dimensions of grain yield, capital, labor, and water, in order to facilitate comparison and find the differences between different provinces, deviation standardization was adopted for the original data, which was a linear transformation method, and the results are shown (Figure 3). We found that the grain yield varied greatly among different provinces, with Heilongjiang and Henan producing the largest grain. But Jiangsu and Xinjiang had the most water, and Sichuan and Heilongjiang had the largest capital. Beijing had the smallest grain yield and agricultural water consumption, but the smallest capital was Qinghai, followed by Hainan. The amount of water in economically developed and coastal provinces was polluted and relatively scarce, such as Shanghai, Zhejiang, Beijing, Tianjin, Fujian, etc.




3.2. Parameter Estimation of the Model


The maximum likelihood estimation (MLE) method was used to estimate the parameters of the SFA model, and the correlation coefficients of each variable were obtained (Table 2).



As far as the results were concerned, the MLE function value of log likelihood and LR were −183.7021 and 392.0446, respectively, which were highly significant. The  γ  was 0.8402, indicating that 84.02% of the random error was influenced by technical nonefficiency, while only 15.97% of the influence came from external factors such as statistical errors. This parameter was used as a sensitivity analysis to check the robustness of the results [69]. It showed that the structure of the residual term in the formula    ε  i t   =  v  i t   −  u  i t     had a very obvious composite structure and there were significant technical inefficiencies in some provinces of China. Therefore, it was reasonable to use the SFA measurement method for the 15 years of provincial samples in this paper.



Secondly, the coefficient of   l n   K  i t     was 0.7873, and the values of    β  K K    ,    β  K L    , and    β  K W     were 0.070855, −0.119321, and 0.046295, respectively. According to Equation (10), we could calculate that the output elasticity   E  K  i t     of capital was 0.2185, which indicated that the production could be changed by 0.2185% when the capital was raised by 1%. For labor, the value of  t  was not significant, which indicated that the agricultural population had little effect on grain output, so it could be ignored. The coefficient of   l n   W  i t     was 2.662, and the values of    β  W W    ,    β  K W    , and    β  L W     were −0.338214, 0.046295, and −0.111242, respectively. According to Equation (12), we could calculate that the output elasticity   E  W  i t     of water was 0.406, which indicated that the production could be changed by 0.406% when the water input was raised by 1%. Although the other interaction terms were all marginally significant, their coefficients were smaller than those of   l n   K  i t     and   l n   W  i t    .



Thirdly, the quadratic coefficient of capital was positive, which indicated that the input of capital had a “  ∪  ” shape relationship with production. That was, when the input of capital was low, it was negatively correlated with grain yield. When the capital increased to a certain extent, the increase of capital would promote the grain yield. The quadratic coefficient of water was negative, which indicated that the input of water had a “   ∩   ” shape relationship with food output. That is to say, when the scale of agriculture was expanded to a certain extent, the impact of water resources on grain yield was negative. The maximum output elasticity of water was 3.94. In other words, when the input of water increased by 3.94%, the output of food could reach a maximum of 10.46%. Due to the law of diminishing marginal contribution, the increase in water resources would result in a decrease of grain yield.



Finally, the parameter  η  = −0.028928 < 0. It showed that the influence of time on   β  ( t )    would increase at a decreasing rate. That was to say, the    u  i t     of each province would accelerate upwards over time.




3.3. Technical Efficiency


Based on the technical efficiency of each province in China from 2004 to 2018 (Table 3), the overall level of technical efficiency was uneven. In terms of the average (AVG) value over the past 15 years, the technical efficiency was highest in Henan (0.935), followed by Heilongjiang (0.919) and Jilin (0.895); the lower provinces were Fujian (0.197) and Hainan (0.222), and the lowest was Zhejiang (0.168).



In China, the level of technical efficiency in different time periods was also different (Figure 4). Among them, the level of technical efficiency in the periods of 2004–2005 and 2006–2010 were higher than the average of the total 15 years, and in the periods of 2011–2015 and 2016–2018, outputs were generally lower than the national average. At the same time, the technical efficiency of each province was declining year by year.




3.4. The Output Elasticity of Capital


According to the output elasticity of capital of each province in China from 2004 to 2018 (Table 4), the overall output elasticity of capital factors was low, and some provinces even had a negative value. For example, in 2004–2005, the output elasticity of Hebei was −0.006, Chongqing was −0.018, and Guizhou was −0.056. In terms of the average value over the past 15 years, the output elasticity of capital was highest in Xinjiang (0.355), followed by Heilongjiang (0.349) and Ningxia (0.324); the lower provinces were Hebei (0.192) and Chongqing (0.115), and the lowest was Guizhou (0.114).



In China, the output elasticity of capital factors varied significantly in different periods (Figure 5). Among them, the output elasticity of 2004–2005 and 2006–2010 were lower than the average value of these 15 years. Then, from 2011–2015 and 2016–2018, outputs were generally higher than the national average. It could be seen that although the output elasticity of capital of each province was relatively low, it had a tendency to increase year by year.




3.5. The Output Elasticity of Water


It could be seen from the output elasticity of water of each province in China from 2004 to 2018 (Table 5), the overall output elasticity of water varied greatly, with some provinces high or low, while other provinces had a negative value. In terms of the average value over the past 15 years, the output elasticity of water was highest in Beijing (1.323), followed by Tianjin (1.218) and Shanghai (1.134); the lower provinces were Guangdong (−0.006) and Jiangsu (−0.032), and the lowest was Xinjiang (−0.132).



In China, the output elasticity of water was increasing in different time periods (Figure 6). Among them, the output elasticity of 2004–2005 and 2006–2010 were lower than the average value of these 15 years. Then, from 2011–2015 and 2016–2018, outputs were generally higher than the national average.




3.6. Substitution Elasticity of Capital and Water


According to the substitution elasticity of capital and water of each province in China from 2004 to 2018 (Table 6), the overall substitution elasticity of capital and water varied greatly, with some provinces high or low, and other provinces had a more negative value. In terms of the average value over the past 15 years, the substitution elasticity was highest in Ningxia (3.603), followed by Shaanxi (2.377), and the lowest was Xinjiang (−14.356).




3.7. Comparison between National and Northeast Level


It could be seen from the technical efficiency, capital and water output elasticity, and total output elasticity of the nation and Northeast over the past 15 years, from 2004 to 2018 (Table 7), that the levels were different. Among them, the national technical efficiency level was lower than that of the Northeast, and the total output elasticity was roughly the same. Meanwhile, the technical efficiency declined, while the relative variability increased year by year in China.



The technical efficiency of the nation and Northeast declined year by year, although the downward trend was not obvious (Figure 7). In terms of the output elasticity of capital, both the nation and Northeast were gradually rising, but the Northeast was higher than the nation. As for the output elasticity of water, the nation was on the rise and was higher than the Northeast, while in the Northeast, it was going up first, then falling, and finally rising again.



By comparing four different time periods (Figure 8), the technical efficiency of the nation and Northeast were the highest from 2004–2005, with 0.559 and 0.810, respectively. The output elasticity of capital was the highest in 2016–2018, with 0.155 and 0.220, respectively. Similarly, the output elasticity of water was also the highest in 2016–2018, with 0.479 and 0.357, respectively. At the same time, it was found that the technical efficiency of the nation and Northeast decreased year by year, while the output elasticity of capital and water increased year by year. However, the output elasticity of capital in the Northeast was higher than that of in the nation, but the output elasticity of water was the opposite.





4. Discussion


4.1. The Impact of Various Input Factors on Grain Production


From the perspective of technical efficiency, it was not necessarily the developed areas that have high technical efficiency of grain production, which was related to different input factors, especially the obvious difference of soil and water resources endowment in different regions [70,71]. In particular, there were fertile black soils and abundant water resources in Heilongjiang and Jilin, so the technical efficiency level was significantly higher than in other regions. After all, the Northeast was the birthplace of black soil in China [72], which was also concluded from the comparison between the nation and Northeast. At the same time, the overall level of technical efficiency was low in China, indicating that there was still tremendous room for the improvement of potential grain production.



From the perspective of output elasticity, the effect of the input of labor on grain production was not significant. At the same time, the output elasticity of capital was far less than the output elasticity of water, which meant that the input of water was increased in each additional percentage, and the power of output was far greater than that of the same amount of capital. It was indicated that the input structure of factors in grain production was seriously uncoordinated. Adjusting the structure of inputs was an important problem for the potential growth of food in the future. Meanwhile, water pollution adversely affected grain yield and agricultural production, which reduced the technical efficiency [73]. However, the amount of capital input used for chemical fertilizer and machinery purchase increased, and it would also play a key role in the improvement of agricultural production technologies, such as water-saving irrigation and water–fertilizer integration technologies [74]. The elasticity of capital output would increase year by year [75]. Therefore, it is necessary to strengthen expertise in agricultural science and technology to provide adequate financial support for agricultural research [76].



In addition, the output elasticity of capital and water was negative in many different regions. On the one hand, the application of agricultural production technology and modern machinery replaced the contribution of traditional rural labor to grain production [77]. To a certain extent, this could explain the phenomenon that food output was rising after labor transfer; on the other hand, there was still a large amount of surplus capital and water resources in some rural areas [78], and the marginal production of the capital or water was zero or even negative, which would also lead to an increase in capital or water resources and a decrease in grain production. It could be seen from the above that an increased investment in capital, labor, and water was not better. Only by reasonably controlling the appropriate amount of input to develop grain production could we achieve the maximum benefits. Therefore, when we adjust the structure of factor input, we should not only adjust measures to local conditions, but also distribute them reasonably to achieve the maximum output with minimum input and ensure the optimal allocation of existing resources.




4.2. Potential Risks of Water Resources


In the growth of food output, the output elasticity of water was higher than that of capital. Compared with the input of capital and labor, agricultural water resources still occupied an irreplaceable main position [79]. This conclusion was consistent with the current mainstream view in China. From the perspective of substitution elasticity, the value of most regions was greater than zero, which indicated that the input of water did play a decisive role in the increase of grain production capacity, while the substitution elasticity was less than zero. It also showed that water and capital in these regions are complementary, and they are a kind of synergy.



On the whole, the average technical efficiency of China showed a decreasing trend year by year, while the relative degree of variation was increasing slowly, indicating that the development frequency of soil and water resources was too high year by year and the demand for water resources was increasing. The fragility of land was increasing, which led to the risk of water resources shortage. The gradual decline of technical efficiency in the Northeast could also be verified, which was related to the decline of food productivity caused by the annual loss of black soil, soil acidification, and hardening [80,81]. Therefore, we must primarily protect water resources.




4.3. Strategies and Implications


For agriculture in the new era, we must improve quality and efficiency, optimize the input structure of various elements reasonably, protect the water ecological environment, and realize the high-quality development of grain production. In particular, modern intelligent agriculture, scientific planting, and highly mechanized operations have increasing advantages, and the requirements for the quality of labor are also higher. In the past, the role of the number of laborers to enhance the value of agricultural output has been gradually reduced or even disappeared. Therefore, we should increase the investment in education and training of rural labor, establish and improve the long-term mechanism of education and training, strengthen the efficient combination of theory and practice ability, and cultivate new farmers with higher quality skills, so that the “active” production factor of rural labor can be coupled and coordinated with other agricultural production factors. At the same time, as regions are affected by Covid-19 and natural disasters, it is a question of balance to get enough food nutrition and maintain ecologically friendly practices in grain production, sustainability, and the vulnerable areas, especially in the rural markets acting for vulnerable empowerment and grain growth [82]. Grain production is seriously affected by climate extremes, which are becoming more frequent and more severe under climate change, and food security will be consequently confronted with increasing risks. The increasing demand for grain production has resulted in the use of large quantities of water and other resources. There is an urgent need for innovative methods and approaches to augment the limited water and resources for enough grain production to guarantee the vulnerable groups of the poor and women have food security. However, knowledge gaps exist in this area that need to be addressed. A good mechanism for management of grain production could have an effective role in appealing to vulnerable populations. After all, agriculture is an essential livelihood option for most rural markets, so it is foremost for rural development.



Based on the empirical analysis of the technical efficiency, output elasticity, and substitution elasticity of agricultural production factors, this paper has the following policy implications: First, we should accelerate the pace of balanced allocation of agricultural production factors. Especially for water allocation, solutions should be tailored to local conditions, not only considering the natural resource endowments of each province, but also on the basis of technical efficiency and output elasticity. For example, the water resource was insufficient in Beijing and Shanghai, but the output elasticity of water was high, so it is necessary to consider water diversion to increase the amount of water. Heilongjiang was rich in water and had high technical efficiency, the status quo could be kept. For Xinjiang, the water was sufficient, but the output elasticity of water was very low and the technical efficiency was not high. Therefore, water allocation should be reduced or controlled. More attention should be paid to the improvement of agricultural production technology, the treatment of agricultural water pollution, and the efforts to cultivate high-quality application-oriented experts in agriculture. Second, we will strengthen the protection of water resources and cultivated land. With the rapid development of the economy and the deterioration of the ecological environment, the protection of water resources is extremely urgent [83]. The red line of ecology and arable land area must be ensured so as to protect the input of high-quality water and soil resources for the sustainable production of food. Third, we should vigorously promote the progress of agricultural technology, constantly invent and innovate crop cultivation technology, improve seed for farming technology [84], and increase agricultural intermediate investments to extend the agricultural industry chain, improve agricultural technical efficiency, and accelerate the development of agricultural modernization.





5. Conclusions


In this paper, the SFA model combined with the grain production function was used to study the technical efficiency and the output elasticity of grain production in China from 2004 to 2018. However, at present, most scholars have considered the efficiency of conventional resources rather than the most important factors of the input of water in grain production and these studies also do not provide much attention to in the value of output elasticity, so this paper holds particular significance. Furthermore, the SFA model is a more reliable method to calculate efficiency and elasticity, but the traditional DEA model cannot effectively deal with the problem of output elasticity and the SFA model makes up for this defect to some extent. Therefore, there is some innovation in the method presented in this paper. The results showed that: (1) The water resource was insufficient in Beijing and Shanghai, but the output elasticity of water was high, and Heilongjiang was rich in water and had high technical efficiency. For Xinjiang, the water was sufficient, but the output elasticity of water was very low and the technical efficiency was not high. Adjusting the structure of input factors was an essential measure for the potential growth of food in the future. (2) The overall level of technical efficiency of grain production in China was relatively low and still declining year by year. The output elasticity of water was far greater than that of capital, so we still need to explore the potentiality of grain production. (3) If the water resources increased by 3.94%, the grain yield increased by 10.46% and the yield had reached the maximum. Finally, we need to optimize the input structure of various elements, carry out the relevant policies to protect water resources, and realize the high-quality development of grain production. Also, the demand for food and increasing food accessibility have soared during the time of personal and mobility restrictions due to the impact of Covid-19 and natural disasters [85]. In the future of our work, the sustainability of grain production and supply worldwide urgently needs to be improved to protect water resources and human well-being. Therefore, corporate social responsibility has become a part of core agri-food operations, which create shared value for society. By integrating SFA models and comparing between the nation and Northeast in a novel approach, this study makes the important contribution to the field of taking water into account for decision making, and indicates a new direction for water resource allocation and management.
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Figure 1. Grain production in different provinces of China and the main producing areas (Northeast region). 
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Figure 2. Methodological framework applied in the present analysis. 
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Figure 3. Grain production in different provinces, as well as capital, labor, and water inputs. 
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Figure 4. Technical efficiency and average level in four different periods. 
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Figure 5. The output elasticity of capital and average level in four different periods. 
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Figure 6. The output elasticity of water and average level in four different periods. 
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Figure 7. Comparison of technical efficiency and capital and water output elasticity between the nation and Northeast year by year. 
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Figure 8. Comparison of technical efficiency and capital and water output elasticity between the nation and Northeast in four different time periods. 
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Table 1. Descriptive statistics.






Table 1. Descriptive statistics.





	Variable
	N
	Minimum
	Maximum
	Mean
	Standard Deviation





	Grain (    10  4     tons   )
	450
	34.1400
	7615.8000
	1928.381227
	1623.8381258



	Capital (    10  8    yuan)
	450
	0.1122
	46.6058
	9.184820
	9.0198438



	Labor (    10  4    people)
	450
	205.0000
	7045.2800
	2417.289730
	1685.1997177



	Water (    10  8       m   3   )
	450
	4.2000
	561.7500
	123.504202
	102.4522041










[image: Table] 





Table 2. Cross-provincial stochastic frontier analysis (2004–2018), the results of MLE.
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Variable

	
Coefficient to Be Estimated

	
Value

	
Standard Deviation

	
t Test






	
Constant

	
    β 0    

	
−4.192053

	
2.838707

	
−1.476747




	
   l n   K  i t     

	
    β K    

	
0.787380

	
0.185058

	
4.254774 ***




	
   l n   L  i t     

	
    β L    

	
0.915338

	
0.787451

	
1.162408




	
   l n   W  i t     

	
    β W    

	
2.662388

	
0.838769

	
3.174161 ***




	
   0.5   ( l n   K  i t   )  2    

	
    β  K K     

	
0.070855

	
0.027508

	
2.575759 **




	
   0.5   ( l n   L  i t   )  2    

	
    β  L L     

	
0.012049

	
0.148305

	
0.081247




	
   0.5   ( l n   W  i t   )  2    

	
    β  W W     

	
−0.338214

	
0.110734

	
−3.054295 ***




	
   l n   K  i t   × l n   L  i t     

	
    β  K L     

	
−0.119321

	
0.025465

	
−4.685656 ***




	
   l n   K  i t   × l n   W  i t     

	
    β  K W     

	
0.046295

	
0.027361

	
1.691980 *




	
   l n   L  i t   × l n   W  i t     

	
    β  L W     

	
−0.111242

	
0.120526

	
−0.922977




	

	
    σ 2    

	
0.656665

	
0.293462

	
2.237647 **




	

	
  γ  

	
0.840179

	
0.073301

	
11.462051 ***




	

	
  μ  

	
0.766576

	
0.361893

	
2.118242 **




	

	
  η  

	
−0.028928

	
0.007408

	
−3.904911 ***




	

	
Log Likelihood

	
−183.702090 ***




	

	
LR

	

	
392.044620 ***

	








Note: * means significant at the 10% level, ** at 5%, and *** at 1%. LR is the likelihood ratio statistic, which conforms to the mixed Chi-squared distribution.
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Table 3. The technical efficiency of 30 provinces in China (2004–2018).
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	Province
	2004–2005
	2006–2010
	2011–2015
	2016–2018
	AVG
	Rank





	Beijing
	0.649
	0.620
	0.576
	0.538
	0.593
	11



	Tianjin
	0.811
	0.793
	0.766
	0.741
	0.776
	5



	Hebei
	0.688
	0.661
	0.620
	0.585
	0.636
	9



	Shanxi
	0.564
	0.531
	0.482
	0.441
	0.501
	16



	Neimenggu
	0.696
	0.669
	0.629
	0.595
	0.644
	8



	Liaoning
	0.587
	0.554
	0.506
	0.466
	0.525
	14



	Jilin
	0.912
	0.904
	0.890
	0.877
	0.895
	3



	Heilongjiang
	0.932
	0.925
	0.915
	0.905
	0.919
	2



	Shanghai
	0.406
	0.369
	0.317
	0.275
	0.338
	21



	Jiangsu
	0.649
	0.620
	0.576
	0.539
	0.593
	10



	Zhejiang
	0.226
	0.193
	0.149
	0.118
	0.168
	30



	Anhui
	0.697
	0.670
	0.630
	0.596
	0.646
	7



	Fujian
	0.259
	0.224
	0.178
	0.144
	0.197
	29



	Jiangxi
	0.557
	0.523
	0.473
	0.432
	0.493
	17



	Shandong
	0.828
	0.812
	0.786
	0.764
	0.796
	4



	Henan
	0.946
	0.940
	0.931
	0.923
	0.935
	1



	Hubei
	0.575
	0.542
	0.493
	0.452
	0.512
	15



	Hunan
	0.621
	0.590
	0.544
	0.505
	0.562
	12



	Guangdong
	0.340
	0.303
	0.252
	0.213
	0.273
	24



	Guangxi
	0.377
	0.340
	0.288
	0.247
	0.309
	23



	Hainan
	0.286
	0.251
	0.202
	0.166
	0.222
	28



	Chongqing
	0.782
	0.762
	0.731
	0.703
	0.742
	6



	Sichuan
	0.594
	0.562
	0.514
	0.474
	0.533
	13



	Guizhou
	0.504
	0.468
	0.417
	0.374
	0.437
	19



	Yunnan
	0.510
	0.475
	0.423
	0.381
	0.444
	18



	Shaanxi
	0.314
	0.277
	0.227
	0.190
	0.248
	27



	Gansu
	0.403
	0.366
	0.313
	0.272
	0.335
	22



	Qinghai
	0.330
	0.293
	0.243
	0.204
	0.263
	25



	Ningxia
	0.408
	0.371
	0.318
	0.276
	0.339
	20



	Xinjiang
	0.328
	0.292
	0.241
	0.202
	0.262
	26
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Table 4. The output elasticity of capital of 30 provinces in China (2004–2018).
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	Province
	2004–2005
	2006–2010
	2011–2015
	2016–2018
	AVG
	Rank





	Beijing
	0.182
	0.250
	0.286
	0.284
	0.260
	9



	Tianjin
	0.157
	0.243
	0.310
	0.329
	0.271
	7



	Hebei
	−0.006
	0.076
	0.193
	0.228
	0.135
	28



	Shanxi
	0.007
	0.105
	0.250
	0.299
	0.179
	22



	Neimenggu
	0.173
	0.270
	0.381
	0.418
	0.324
	4



	Liaoning
	0.082
	0.176
	0.260
	0.323
	0.221
	11



	Jilin
	0.115
	0.231
	0.326
	0.376
	0.276
	6



	Heilongjiang
	0.182
	0.298
	0.408
	0.445
	0.349
	2



	Shanghai
	0.188
	0.310
	0.346
	0.367
	0.317
	5



	Jiangsu
	0.122
	0.218
	0.316
	0.352
	0.265
	8



	Zhejiang
	0.046
	0.114
	0.180
	0.263
	0.157
	25



	Anhui
	0.012
	0.136
	0.237
	0.262
	0.178
	23



	Fujian
	0.059
	0.144
	0.257
	0.288
	0.199
	15



	Jiangxi
	0.021
	0.151
	0.255
	0.293
	0.197
	17



	Shandong
	0.030
	0.132
	0.233
	0.269
	0.179
	21



	Henan
	0.007
	0.099
	0.185
	0.236
	0.143
	27



	Hubei
	0.080
	0.151
	0.213
	0.301
	0.192
	20



	Hunan
	0.047
	0.143
	0.245
	0.290
	0.194
	19



	Guangdong
	0.044
	0.154
	0.216
	0.241
	0.178
	24



	Guangxi
	0.105
	0.195
	0.267
	0.303
	0.228
	10



	Hainan
	0.073
	0.163
	0.246
	0.321
	0.210
	13



	Chongqing
	−0.018
	0.059
	0.140
	0.256
	0.115
	29



	Sichuan
	0.051
	0.134
	0.253
	0.295
	0.195
	18



	Guizhou
	−0.056
	0.068
	0.168
	0.215
	0.114
	30



	Yunnan
	0.035
	0.109
	0.203
	0.240
	0.156
	26



	Shaanxi
	0.011
	0.147
	0.263
	0.303
	0.199
	16



	Gansu
	0.083
	0.162
	0.244
	0.273
	0.201
	14



	Qinghai
	0.083
	0.183
	0.259
	0.306
	0.219
	12



	Ningxia
	0.183
	0.277
	0.376
	0.410
	0.324
	3



	Xinjiang
	0.261
	0.267
	0.286
	0.317
	0.355
	1










[image: Table] 





Table 5. The output elasticity of water of 30 provinces in China (2004–2018).
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	Province
	2004–2005
	2006–2010
	2011–2015
	2016–2018
	AVG
	Rank





	Beijing
	1.140
	1.227
	1.357
	1.548
	1.323
	1



	Tianjin
	1.113
	1.179
	1.250
	1.298
	1.218
	2



	Hebei
	0.015
	0.072
	0.176
	0.242
	0.133
	24



	Shanxi
	0.608
	0.654
	0.674
	0.694
	0.662
	7



	Neimenggu
	0.185
	0.273
	0.355
	0.374
	0.309
	16



	Liaoning
	0.300
	0.343
	0.402
	0.487
	0.386
	12



	Jilin
	0.435
	0.489
	0.473
	0.505
	0.479
	11



	Heilongjiang
	0.086
	0.099
	0.067
	0.079
	0.082
	25



	Shanghai
	0.999
	1.123
	1.171
	1.182
	1.134
	3



	Jiangsu
	−0.117
	−0.067
	−0.010
	0.048
	−0.032
	29



	Zhejiang
	0.182
	0.257
	0.334
	0.448
	0.311
	15



	Anhui
	0.114
	0.120
	0.166
	0.184
	0.147
	22



	Fujian
	0.227
	0.299
	0.394
	0.448
	0.351
	14



	Jiangxi
	0.100
	0.144
	0.176
	0.222
	0.164
	21



	Shandong
	0.014
	0.077
	0.178
	0.237
	0.134
	23



	Henan
	0.097
	0.124
	0.189
	0.248
	0.167
	20



	Hubei
	0.120
	0.153
	0.158
	0.249
	0.169
	19



	Hunan
	−0.056
	0.028
	0.098
	0.128
	0.060
	27



	Guangdong
	−0.125
	−0.022
	0.022
	0.051
	−0.006
	28



	Guangxi
	−0.036
	0.049
	0.099
	0.139
	0.072
	26



	Hainan
	0.662
	0.733
	0.800
	0.871
	0.774
	6



	Chongqing
	0.758
	0.844
	0.803
	0.890
	0.828
	5



	Sichuan
	0.119
	0.177
	0.205
	0.199
	0.183
	18



	Guizhou
	0.397
	0.482
	0.560
	0.536
	0.508
	10



	Yunnan
	0.174
	0.244
	0.312
	0.322
	0.273
	17



	Shaanxi
	0.449
	0.502
	0.576
	0.605
	0.540
	9



	Gansu
	0.271
	0.328
	0.378
	0.414
	0.354
	13



	Qinghai
	0.877
	0.934
	0.978
	1.063
	0.967
	4



	Ningxia
	0.505
	0.586
	0.677
	0.740
	0.637
	8



	Xinjiang
	−0.179
	−0.146
	−0.126
	−0.089
	−0.132
	30
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Table 6. The substitution elasticity of capital and water of 30 provinces in China (2004–2018).
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	Province
	2004–2005
	2006–2010
	2011–2015
	2016–2018
	AVG





	Beijing
	1.117
	1.134
	1.124
	1.094
	1.120



	Tianjin
	1.109
	1.141
	1.161
	1.158
	1.147



	Hebei
	1.241
	0.006
	0.039
	−0.039
	0.172



	Shanxi
	1.091
	1.237
	1.685
	1.946
	1.509



	Neimenggu
	−0.034
	−0.011
	0.059
	0.094
	0.030



	Liaoning
	2.821
	−1.475
	−1.156
	−1.556
	−0.812



	Jilin
	1.734
	9.742
	−1.205
	−0.771
	2.923



	Heilongjiang
	0.111
	0.156
	0.138
	0.157
	0.144



	Shanghai
	1.157
	1.207
	1.216
	1.229
	1.208



	Jiangsu
	1.906
	−0.450
	−0.043
	0.108
	0.111



	Zhejiang
	−0.478
	0.499
	−2.121
	−3.685
	−1.341



	Anhui
	4.764
	−0.062
	0.113
	0.127
	0.678



	Fujian
	5.094
	−2.242
	−1.069
	−1.626
	−0.750



	Jiangxi
	0.983
	−0.052
	0.126
	0.126
	0.181



	Shandong
	0.020
	0.063
	0.101
	0.068
	0.071



	Henan
	6.298
	−0.135
	−0.025
	−0.034
	0.780



	Hubei
	−0.178
	−0.020
	0.094
	0.099
	0.021



	Hunan
	−2.233
	0.024
	0.141
	0.166
	−0.209



	Guangdong
	2.142
	−0.097
	0.054
	0.103
	0.292



	Guangxi
	−0.175
	0.059
	0.148
	0.173
	0.080



	Hainan
	1.164
	1.271
	1.372
	1.451
	1.326



	Chongqing
	1.052
	1.099
	1.189
	1.293
	1.162



	Sichuan
	−0.586
	−0.220
	0.085
	0.149
	−0.093



	Guizhou
	0.997
	1.297
	1.618
	2.364
	1.578



	Yunnan
	9.477
	−4.281
	−0.767
	−0.381
	−0.496



	Shaanxi
	1.155
	1.748
	2.830
	3.487
	2.377



	Gansu
	4.777
	−1.010
	−1.051
	−1.126
	−0.275



	Qinghai
	1.109
	1.178
	1.233
	1.234
	1.198



	Ningxia
	2.136
	3.294
	4.613
	3.414
	3.603



	Xinjiang
	−77.817
	−10.592
	−1.050
	−0.500
	−14.356
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Table 7. Comparison between national and northeast levels (2004–2018).
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Year

	
Technical

Efficiency

	
Capital

Output Elasticity

	
Water

Output Elasticity

	
Total

Output Elasticity

	
Standard

Deviation

	
Relative

Variability




	
Nation

	
Northeast

	
Nation

	
Northeast

	
Nation

	
Northeast

	
Nation

	
Northeast

	
Nation

	
Nation






	
2004

	
0.563

	
0.813

	
0.069

	
0.12

	
0.308

	
0.273

	
0.377

	
0.393

	
0.205

	
0.364




	
2005

	
0.555

	
0.808

	
0.089

	
0.132

	
0.321

	
0.274

	
0.41

	
0.406

	
0.207

	
0.373




	
2006

	
0.547

	
0.804

	
0.112

	
0.153

	
0.331

	
0.266

	
0.443

	
0.419

	
0.21

	
0.384




	
2007

	
0.539

	
0.799

	
0.138

	
0.199

	
0.358

	
0.297

	
0.496

	
0.496

	
0.212

	
0.394




	
2008

	
0.53

	
0.795

	
0.172

	
0.241

	
0.376

	
0.32

	
0.548

	
0.561

	
0.214

	
0.405




	
2009

	
0.522

	
0.79

	
0.218

	
0.283

	
0.403

	
0.334

	
0.621

	
0.617

	
0.217

	
0.415




	
2010

	
0.513

	
0.785

	
0.232

	
0.299

	
0.416

	
0.335

	
0.648

	
0.634

	
0.219

	
0.426




	
2011

	
0.505

	
0.78

	
0.247

	
0.309

	
0.42

	
0.319

	
0.667

	
0.628

	
0.221

	
0.438




	
2012

	
0.496

	
0.775

	
0.258

	
0.325

	
0.421

	
0.313

	
0.679

	
0.638

	
0.223

	
0.45




	
2013

	
0.488

	
0.77

	
0.268

	
0.333

	
0.426

	
0.308

	
0.694

	
0.641

	
0.225

	
0.461




	
2014

	
0.479

	
0.765

	
0.276

	
0.341

	
0.441

	
0.311

	
0.717

	
0.652

	
0.227

	
0.474




	
2015

	
0.47

	
0.76

	
0.277

	
0.35

	
0.44

	
0.318

	
0.717

	
0.668

	
0.229

	
0.486




	
2016

	
0.462

	
0.755

	
0.292

	
0.357

	
0.462

	
0.327

	
0.754

	
0.684

	
0.23

	
0.499




	
2017

	
0.453

	
0.749

	
0.313

	
0.39

	
0.48

	
0.362

	
0.793

	
0.752

	
0.232

	
0.512




	
2018

	
0.445

	
0.744

	
0.319

	
0.397

	
0.494

	
0.381

	
0.813

	
0.778

	
0.234

	
0.525












© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).
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