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Abstract

:

Narrowing the rural–urban income gap is an important challenge in achieving sustained and stable economic and social development in China. The present study investigates the role of farmers’ education and agricultural productivity growth in influencing the rural–urban income gap by applying mediation, interaction, and quantile regression models to provincial panel data of China from 2003 to 2017. Results show that, first of all, China’s agricultural productivity (TFP) continues to improve, and it is mainly driven by technical change (TC), with no significant role of technical efficiency change (TEC) or stable scale change (SC). Improving farmers’ education not only directly narrows the rural–urban income gap but also indirectly improves agricultural productivity to further narrow the rural–urban income gap. Due to differences in income sources of farmers, the corresponding impacts of farmers’ education and agricultural productivity growth on the rural–urban income gap also differ. Policy recommendations include continued investments in farmers’ education and training as well as modernization of agricultural for higher productivity growth.
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1. Introduction


The rural–urban income gap is an important problem in macroeconomic research [1]. The excessive rural–urban income gap has caused a series of problems, such as inefficient economic development and difficulty in comprehensive development [2]. According to the official definition of household income (defined by the National Bureau of Statistics, NBS), the rural–urban income ratio in China went up from 2.47 in 1997 to 3.14 in 2007, and it was 2.65 in 2019. Although the rural–urban income gap has eased in recent years, China’s rural–urban dual structure is still significant, and the income gap is still large, according to international standards [3,4,5]. How to reduce the rural–urban income gap and promote the coordinated development of urban and rural areas is one of the major challenges facing China [6]. In order to solve this problem and coordinate urban and rural development, the Chinese government has actively adopted a series of policies and measures, such as developing rural education and improving agricultural productivity, to increase farmers’ income and narrow the rural–urban income gap [7,8]. Increases in both education level and agricultural productivity can improve the urban–rural income gap, and there is a link between them. On the one hand, the development of education is conducive to improving the knowledge structure of farmers, facilitating farmers to engage in higher-income-generating activities and directly narrowing the income gap [9]. On the other hand, the development of education can help farmers to learn to use advanced production technology, thus promoting improvement of agricultural total factor productivity (TFP) [10]. The growth of TFP means increasing production and income, which indirectly reduces the urban–rural income gap to some extent.



Judging from the development experience of developed countries, the transition from an agricultural society to an industrial society is the only way for developing countries to develop their economies. During the period of social transformation, the rural–urban income gap will inevitably increase [11]. Therefore, the rural–urban gap is inevitable in any country and any social system. From the perspective of the impact of rural–urban income gap on social development, a reasonable income gap has a positive effect on economic development and social stability, while an unreasonable gap will have a negative effect on sustainable economic development [12]. To a certain extent, a reasonable rural–urban income gap can attract some rural residents to gather in cities, accept advanced ideas and production technology in cities under certain conditions, improve comprehensive quality, and have a positive effect on economic development and social stability. However, due to the large rural–urban income gap in China, the negative effect of income gap is dominant. An excessive rural–urban income gap will lead to the “middle income trap” in social and economic development, which will bring a series of consequences to economic and social development and lead to serious social problems. The rural–urban income gap will lead to lower purchasing power for rural residents, which has a certain inhibitory effect on farmers’ happiness and welfare [13]. At the same time, too large an income gap will make it difficult to activate the vast rural consumer market, reduce farmers’ marginal propensity to consume, and then influence investment multipliers, leading the country to fall into the “middle income trap”, thereby adversely affecting overall economic development [12].



To sum up, how to narrow the urban–rural income gap and rationally control the gap in China is an important issue. Narrowing the urban–rural income gap is beneficial in avoiding the “middle income trap”, expanding the rural consumer market, and ensuring the healthy and sustainable development of the Chinese economy. Therefore, the main purpose of this paper is to explore effective ways to narrow the urban–rural income gap through education and agricultural total factor productivity growth.



The structure of the paper is as follows: Section 2 summarizes the materials and methods that examines the urban–rural income gap and its influencing factors and the roles of education and agricultural total factor productivity, and the stochastic frontier model (SFM) and the dynamic panel model etc. Section 3 presents the empirical results. Finally, Section 4 discusses conclusions and policy implications and also summarizes the shortcomings of this research.




2. Materials and Methods


2.1. The Urban–Rural Income Gap and its Influencing Factors


The problem of the widening rural–urban income gap has aroused widespread concern among scholars and policymakers. Many studies start with an estimation of the rural–urban income gap. Wang et al. [14] found that China’s rural–urban income gap presents an “inverted U” shape. Song and Ma [15] used the Human Development Index to calculate the rural–urban income gap in China from 1990 to 2002 and found that during this period, the income gap continued to increase. Scholars generally believe that the rural–urban income gap has widened with China’s economic development [16]. Li and Luo [17] estimated the level of disguised subsidies received by urban and rural residents and further included such disguised subsidies into the estimation of the rural–urban income gap. Ji et al. [18] showed that China’s urban–rural income gap is very wide. If the difference of welfare between urban and rural residents is taken into account, the urban–rural income gap will be even wider. Although the urban–rural income gap has been narrowed, it still hovers at a high level [19].



Other studies focus on the factors influencing rural–urban income gap. Based on China’s export data and income survey data, Zhu et al. [20] found that upgrading the structure of export products helps reduce income inequality in China. Chen et al. [21] studied the relationship between urbanization and rural–urban income disparities in 31 provinces in China from 1978 to 2019 and concluded that there is a two-way causal relationship between urbanization and the rural–urban income gap. Weng et al. [22] studied the impact of rural transportation infrastructure investment on the income gap among residents and tested the impact of rural road supply on the income gap among farmers, using panel data from 30 provinces in China from 1993 to 2013. The study found that China’s rural roads have a “U-shaped” effect on the income gap among inter-provincial farmers. Wang et al. [23] found that the increase of government fiscal expenditure promoted widening of the rural–urban income gap. Wang et al. [4] believed that an increase in the proportion of non-agricultural industries would widen the rural–urban income gap because non-agricultural industries require higher-skilled labor. Although scholars have studied many influencing factors of the rural–urban income gap, most such studies are based on partial influencing factors. Therefore, in order to provide a comprehensive analysis of all possible factors, we choose indicators from seven aspects, including economic development, financial development, and so on, in order to construct an indicator system to study their influence on narrowing the rural–urban income gap.




2.2. The Influence of Education Level on the Rural–Urban Income Gap


According to the existing research, reasons for the gradual increase the in rural–urban income gap include many aspects, such as finance and the economy, at the present stage [24]. Among them, the unequal allocation of urban and rural educational resources is one of the important reasons, and rural areas are often in a disadvantageous position with regard to resource allocation [8,25]. Education has a certain productive function, which can effectively promote individuals to improve labor efficiency and enable workers to engage in jobs with higher wages. For farmers, it is one of the ways to increase their non-agricultural income and plays an extremely important role in narrowing the income gap [7,15]. Thus, education level is not only an important factor in determining income distribution but also an effective way to reduce the rural–urban income gap [2,26].



Anlimachie and Avoada [27] studied the impact of pre-tertiary education in Ghana on the rural–urban income gap using a sample survey of 120 teachers from 30 schools in a rural school district. Weng et al. [22] found that laborers with higher education levels are more likely to engage in non-agricultural jobs with higher wages, thereby widening the rural–urban income gap. This is consistent with the conclusions of Yuan et al. [24]. Chu and Hoang [2] found that the improvement of the education level can reduce the rural–urban income gap effectively. Through existing research, it can be found that improving the cultural level of farmers is of great significance to increasing farmers’ income, narrowing the rural–urban income gap and coordinating urban and rural development [28,29]. Therefore, referring to the research of Gao et al. [29], we select the illiteracy rate of farmers as the variable to measure the education level of farmers, and we analyze the impact of the education level of farmers on the rural–urban income gap.




2.3. The Influence of Agricultural TFP on the Rural–Urban Income Gap


As China is a big agricultural country, agriculture is the basic industry on which China depends for its survival. On one hand, agriculture plays an important role in supporting other sectors of the national economy [30]. On the other hand, the development of agricultural production is directly related to the improvement of farmers’ income level and living standards [31]. The Chinese government has always attached great importance to agricultural production and development, and it has continued to increase agricultural investment. The Chinese government’s research funding for agriculture has been growing at an annual rate of more than 20% (NSBC). The Chinese government has continued to promote the modernization of agriculture and rural areas and implemented a rural revitalization strategy, resulting in a notable increase in agricultural TFP [23]. Improving agricultural TFP is a necessary condition for realizing agricultural modernization and sustainable development and also an indispensable part of China’s modernization [32]. Meanwhile, the increase in agricultural productivity provides opportunities for agricultural labor to transfer from agriculture to other, non-agricultural sectors, increasing farmers’ non-agricultural income and narrowing the rural–urban income gap [30]. Wang et al. [33] believed that improvement of agricultural productivity effectively promoted the transfer of labor force from agriculture to non-agricultural industries, increased farmers’ income, narrowed the income gap between urban and rural areas, and thus promoted economic growth. Li et al. [34] measured the TFP of the agricultural environment, using agricultural production data of 30 provinces in China from 2001 to 2017, and then studied its impact on the rural–urban income gap. The results show that the growth of the TFP of the agricultural environment further widens the rural–urban income gap. Hu et al. [32] believe that increasing agricultural TFP can reduce the rural–urban income gap by increasing farmers’ income. Therefore, at this stage, given contrasting conclusions in the literature, it is necessary to study whether and what kind of impact China’s agricultural TFP has on the rural–urban income gap.



It can be seen that the rural–urban income gap is one of the important factors affecting the living standards of residents and the sustainable and stable development of society. Governments have taken active measures to curb widening rural–urban income gaps. Therefore, accurately grasping the current situation of the rural–urban income gap and its influencing factors is an important prerequisite for alleviating the excessive rural–urban income gap. Existing studies have conducted extensive and in-depth research on the rural–urban income gap and its influencing factors in China in recent years. However, there are only a few studies on the impact of agricultural TFP and farmers’ education level on the rural–urban income gap, and studies on their interaction effects in narrowing the rural–urban income gap need to be further deepened. Therefore, it is of both theoretical and practical significance to select appropriate econometric methods to study the joint role of agricultural TFP and farmers’ education level in narrowing the rural–urban income gap in China. In addition, as the largest developing country in the world, in the context of China, analyzing the rural–urban income gap may provide a reference for other developing countries to narrow their income gaps [35].



With reference to existing research, there is a question of whether there is an indirect way to improve the education level of farmers and the reduce rural–urban income gap while concurrently increasing agricultural TFP. At present, there is no relevant research in academia regarding this question, but it can be analyzed through two links. First, the improvement of farmers’ education level can improve agricultural TFP significantly. Using data from three Brazilian agricultural censuses, Rada et al. [36] found that education significantly improves agricultural productivity. Liu et al. [37] believed that the illiteracy rate of farmers had a significant negative impact on agricultural TFP. Second, the improvement of agricultural TFP can narrow the rural–urban income gap. If all the above links are true, then there is an indirect way for farmers’ education level to affect the rural–urban income gap through agricultural TFP. Therefore, in this research we examined the mediating effect pathway as well.



Many regression models have been applied to analyze the influencing factors of the urban–rural income gap, among which dynamic panel data is one of the cutting-edge models. For example, Wang et al. [5] used dynamic panel data models to investigate how urban-biased land development policy impacts the urban–rural income gap in China. Zhang and Hu [38] investigated the impact of the urban–rural income gap on fertilizer use intensity using a dynamic panel data analysis. Huang and Zhang [39] found that financial inclusion narrows urban–rural income inequality in the long run using a dynamic panel fixed-effect approach. In addition, mediation effects and interaction effects are often measured in panel data models, e.g., Yuan et al. [40] and Liu et al. [14]. Before analyzing the impact of agricultural TFP on the urban–rural income gap, we need to measure the agricultural TFP. The main methods used in the current literature are data envelope analysis (DEA) and stochastic frontier analysis (SFA). In contrast to DEA methods, the production frontier of each individual is random, which may be more in line with the actual agricultural production processes of individual farmers. Furthermore, most of the studies used SFM to analyze agricultural productivity [41,42,43]. Therefore, we decided to measure the agricultural TFP by SFM and analyze the impact of farmers’ education and agricultural TFP on the urban–rural income gap with the help of dynamic panels.



Given this backdrop, the specific objectives of this study are to: (a) measure the agricultural TFP of 30 provinces in China; (b) decompose TFP into three components (TEC, TC, and SC) and analyze the differential impact of different components of TFP on the rural–urban income gap; (c) test agricultural TFP as one of the mechanisms to improve the education level of farmers and alleviate the rural–urban income gap; (d) analyze the interaction effect of farmers’ education level and agricultural TFP on the rural–urban income gap; and (e) study the effects of the education level of farmers and agricultural TFP on the rural–urban income gap under different income quantiles. The contribution and innovation of this research are mainly found in three aspects. First, 15 variables were selected from seven aspects to construct an index system affecting the rural–urban income gap, such as economic development, openness of the economy, agricultural development, and so on. The construction of this index system provides some reference value for future research on the rural–urban income gap. Second, we consider not only the direct impact of the education level of farmers on the rural–urban income gap, but also the indirect impact of farmers’ education on agricultural TFP. This study expands the scope of research on the influencing pathways of the education level of farmers on the rural–urban income gap. Third, we consider the impact of the two on the rural–urban income gap under different income quantiles, which significantly fills a gap in existing research in the literature. It has a certain reference value for local governments undertaking measures to reduce the rural–urban income gap.




2.4. Methods


2.4.1. Efficiency Measurement Using Stochastic Frontier Analysis


Following Kumbhakar and Lovell [44], the form of a standard SFA model can be expressed as follows:


   Y  i t   =  f (   x  i t   , t ) ∗ exp (  v  i t   −  u  i t   )  



(1)




where    Y  i t     represents total agriculture output value at period t in province i,   f (  x  i t ,   t )   denotes the agricultural production frontier, and    x  i t     represents the agricultural input factor in province i at time t for time trend.    v  i t     represents a two-sided random error, accounting for measurement and statistical errors;    u  i t     denotes a non-negative technical inefficiency in period t in province i. We maintain the assumption of independence between    v  i t     and    u  i t    .



Taking the natural log of both sides of Equation (1) provides:


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



(2)







Then, the TE scores can be expressed as:


  T  E  i t   = E [ exp ( −  u  i t   ) | (  v  i t   −  u  i t   ) ]  



(3)







In the case of multiple inputs, the change of productivity can be measured by the change of the TFP. The TFP change is given by:


    T F P  •  =  y •  −  X •  =  y •  −   ∑  j = 1  J    S j       x •   j   



(4)




where    S j    is a weight vector, indicating the proportion of the cost of input factor ‘j’ in the total cost, while the total expenditure is expressed as   E =   ∑  j = 1  J    w j     x j   . In this paper, a dotted point variable represents the rate of change of that variable.



Given the specifications in Equation (2), the rate of change of the output product y is then defined as:


   y •  =   ∂ ln y   ∂ t   =   ∂ ln f ( x , t )   ∂ t   +   ∑  j = 1  J     ∂ ln f ( x , t )   ∂ ln  x j      ∗   ∂ ln  x j    ∂  x j    ∗   d  x j    d t   −   ∂ u   ∂ t    



(5)







In other words, the rate of change of the output product y can be expressed by:


   y •  =   ∂ ln f ( x , t )   ∂ t   +   ∑ j    ε j       x •   j  −   ∂ u   ∂ t    



(6)




where    ε j    is the output elasticity of the input factor ‘j’, and the elasticity of total output  ε  represents the return-to-scale index.



Substitute Equation (6) into Equation (4) to obtain the following equation:


    T F P  •  =   ∂ ln f ( x , t )   ∂ t   + ( ε − 1 )   ∑  j = 1  J    ξ j       x •   j  +   ∑  j = 1  J   (  ξ j    −  S j  )    x •   j  −   ∂ u   ∂ t    



(7)




where    ξ j    is the proportion of the output elasticity of the input factor ‘j’ in the total output elasticity, i.e.,    ξ j  =    ε j   / ε   .



Considering that it is somewhat harder to obtain prices for the input factors, such as land and labor, this paper assumes that all the input factors satisfy    ξ j  =  S j    [45]. Then, the TFP change can be simplified as shown in Equation (8):


    T F P  •  =   ∂ ln f ( x , t )   ∂ t   + ( ε − 1 )   ∑  j = 1  J    ξ j       x j   •  −   ∂ u   ∂ t    



(8)







Obviously, the TFP change is composed of three parts. The first term is technical change (TC), which represents technical progress. The TC can be expressed as follows:


  TC =   ∂ ln f ( x , t )   ∂ t    



(9)







The scale change (SC) is given by:


  SC = ( ε − 1 )   ∑  j = 1  J    ξ j       x •   j   



(10)







If   ε − 1 > 0  , it implies increasing returns to scale, and the expansion of input use will contribute to the growth of productivity. Diseconomies of scale occur when   ε − 1 < 0  , and the increase of input use will result in the deterioration of productivity. The technical efficiency change (TEC) is shown in Equation (11):


  TEC = −   ∂ u   ∂ t    



(11)







However, this paper does not assume that the technical inefficiency term   ‘ u ’   is a function of time t, so the above calculation cannot be completed. In this paper, Equation (12) is used to approximate Equation (11) as a substitution to complete the calculation of TEC.


  T E  C s  = T  E  i s   − T  E  i s − 1   / T  E  i s    



(12)







In other words, if   T E  C S  > 0  , it means that the TE improves in   ‘ s ’   period; if   T E  C S  < 0  , this represents TE degradation. To sum up, the change of TFP is now divided into three parts: TC, SC, and TEC, as shown in Equation (13).


    T F P  •  = T C + S C + T E C  



(13)








2.4.2. Dynamic Panel Data Model


Considering the hysteresis and inertia of economic activities, we introduce the first-order hysteresis terms of explained variables to reflect the dynamic hysteresis effect, and we construct the dynamic panel model, which can overcome variable omissions and avoid endogeneity problems caused by reverse causality [46]. Thus, we establish the following regression equation:


  g a  p  i t   = C + α 1 . g a  p  i t   + ω  X  i t   +  μ i  +  ε  i t    



(14)




where   g a  p  i t    , the explained variable, denotes the urban–rural income gap at period ‘t’ in province ‘i’, measured by the ratio of the disposable income of urban residents to the disposable income of rural residents, and l.gapit is its first-order hysteresis term. Xit represents a set of economic variables that influence the rural–urban income gap.    μ i    represents time-invariant individual characteristics, and    ε  i t     is random disturbance term.



In the dynamic panel model constructed above, the hysteresis term of the dependent variable, as the explanatory variable, will lead to a correlation between the explanatory variable and the non-observed individual effect of the random disturbance term, resulting in endogeneity problems. Therefore, the estimation results will be biased and inconsistent if we use traditional panel data estimation models to estimate dynamic panel data, such as mixed OLS, random effects, or fixed effects. To deal with endogeneity, Arellano and Bond [47] proposed a difference-generalized method of moment (GMM), which utilizes the lagged value of first difference of the dependent variable as an instrumental variable. Then, Blundell and Bond [48] proposed the system GMM, which is a joint estimation of the difference equation and the horizontal equation. Compared with the difference GMM, the system GMM can improve the efficiency of estimation, reduce estimation bias, and estimate the coefficients of time-invariant variables [49]. Moreover, it needs to be noted that the difference GMM and the system GMM can be conducted by one-step or two-step estimation methods. Arellano and Bond [47] and Blundell and Bond [48] have expressed that compared with the two-step estimator, the one-step standard error is more reliable. Given the above reasons, we mainly use the system GMM, and one-step method to estimate the coefficients of regression equations.



Generally, in order to ensure the consistency of the system GMM estimations, we should provide two key test statistics which test the preconditions for the establishment of the system GMM estimations. Firstly, the autocorrelation of the perturbation terms should be tested using the Arellano–Bond test [47]. The null hypothesis of Arellano–Bond test is that the disturbance term has no autocorrelation. Generally, first-order autocorrelation is acceptable, while second-order autocorrelation is not. Secondly, the validity of instrumental variables should be tested using the Sargan test [46]. The null hypothesis of the Sargan test is that all instrumental variables are valid. The greater the p-value of the Sargan statistic is, the more valid the instruments are.




2.4.3. The Mediation Model


The education of farmers may have a direct impact on the rural–urban income gap, and it may also have an indirect impact on the rural–urban income gap by affecting agricultural TFP. The above relationship is shown in Figure 1.



According to the relationship shown in Figure 1, this paper uses the step method to establish the model shown in Equations (15)–(17) to investigate the internal relationship between the education level of farmers, agricultural TFP, and the rural–urban income gap.



Considering the direct impact of the education level of farmers on the rural–urban income gap, the model as shown in Equation (15) is established:


  g a  p  i t   =  β 0  +  α 1  1 . g a  p  i t   +  β 1  i l l i t e r a c y + λ X +  μ i  +  ε  i t    



(15)







The effect of the farmer illiteracy rate on agricultural TFP was investigated, and the model shown in Equation (16) is established:


  T F  P  i t   =  β 2  +  α 2  1 . g a  p  i t   +  β 3  i l l i t e r a c y + θ Z +  μ i  +  ε  i t    



(16)







Among the terms,   T F  P  i t     represents the agricultural TFP calculated according to Equation (13). With reference to existing research [32,45], this paper selects the control variable Z that affects agricultural TFP and contains eight variables: per capita deposit (Saving); rural household population size (Size); government expenditure on agriculture, forestry, and water affairs (Expenditure); agricultural development project investment (Development); disaster rate (Disaster); irrigation rate (Irrigation); population size (Population); and rural aging (Older).



The explanatory variable   T F  P  i t     was added in Equation (15) to establish the model shown in Equation (17):


  g a  p  i t   =  β 4  +  α 3  1 . g a  p  i t   +  β 5  i l l i t e r a c y +  β 6  T F  P  i t   + ρ X +  μ i  +  ε  i t    



(17)







In Equation (16), when the coefficient of illiteracy is significant, and when the coefficients of illiteracy and TFP are significant in Equation (17), it indicates that there is a mediating effect of agricultural TFP. This shows that the illiteracy rate of farmers affects the income gap between urban and rural areas in China directly and indirectly. If in Equation (16) the coefficient of illiteracy is not significant, while in Equation (17) the coefficients of illiteracy and TFP are significant, it indicates that agricultural TFP has a moderating effect.




2.4.4. Interaction Effect Model


Through the above mediating effect analysis, we can obtain the effects of farmers’ education level and agricultural TFP on the rural–urban income gap, as well as the effect of farmers’ education level on agricultural TFP. However, the above analysis ignores that agricultural TFP may also have an impact on the education level of farmers. In other words, there may be a two-way effect between agricultural TFP and the education level of farmers. Therefore, this paper further incorporated the interaction effect into the model to investigate the interaction effect of agricultural TFP and farmers’ education level on the rural–urban income gap.



This study considers four cases in which the education level of farmers and agricultural TFP affect the rural–urban income gap, as shown in Table 1. Case 1 indicates that the rural–urban income gap is not affected by either agricultural TFP or farmers’ education level. Model (i), constructed as shown in Equation (18), represents this case. Case 2 indicates that the rural–urban income gap is only affected by agricultural TFP, and Model (ii) as shown in Equation (19) represents this situation. Case 3 indicates the rural–urban income gap is only affected by farmers’ education level and not by TFP, which is consistent with Equation (15). Case 4 indicates that the rural–urban income gap is influenced by the education level of farmers and agricultural TFP and considers the interaction effect of the two. This situation is represented by Model (iv), constructed as shown in Equation (20).


  g a  p  i t   =  β 7  +  α 4  1 . g a  p  i t   + δ X +  μ i  +  ε  i t    



(18)






  g a  p  i t   =  β 8  +  α 5  1 . g a  p  i t   +  β 9  T F  P  i t   + τ X +  μ i  +  ε  i t    



(19)






  g a  p  i t   =  β  10   +  α 6  1 . g a  p  i t   +  β  11   T F  P  i t   +  β  12   i l l i t e r a c  y  i t   +  β  13   T F  P  i t   ∗ i l l i t e r a c  y  i t   + ω X +  μ i  +  ε  i t    



(20)








2.4.5. Data and Variable Construction


Variable Selection in the Calculation of Agricultural TFP Change


The change in agricultural TFP is measured by the SFA method using the LIMDEP 9.0 (Econometric Software, New York, NY, USA) software. The setting of each indicator is described in detail as follows: The value of annual agricultural output at constant prices was used to represent the agricultural output of each province in China. Based on the existing related literature [50], the following inputs were selected: (1) labor, represented by the number of laborers in the primary industry of each province; (2) land, expressed by the crop-sown area of each province; (3) mechanical power, expressed by the total horsepower of agricultural machinery; (4) pesticides, expressed by the amount of pesticide used in each province; and (5) plastic film, expressed by the amount of agricultural plastic film used in each province. We also added a time-trend variable to capture technological progress and trend–input variable interactions to compute the TC variable from the estimated parameters using Equation (9).




Construction of Variables Influencing the Rural–Urban Income Gap


The ratio of income between urban and rural residents adjusted by the CPI is used to directly measure the gap. In addition, we choose the Theil index as a proxy variable to measure the rural–urban income gap. The calculation formula of the Theil index is shown in Equation (21). Where   T h e i  l  i t     represents the Theil index value of province i in the year t, j = 1, 2 represents urban areas and rural areas, respectively,    s  i j , t     represents the income of towns or farmers in region i in the year t,    s  i , t     represents the total income of farmers in region i in the year t,    r  i j , t     represents the urban or rural population in region i in the year t, and    r  i , t     represents the total population in region i in the year t.


  T h e i  l  i t   =   ∑  j = 1  J    (     s  i j , t      s  i , t      )    L n  (     s  i j , t      s  i , t     /    r  i j , t      r  i , t      )   



(21)







According to existing literature, there are many factors affecting the rural–urban income gap, and the core explanatory variables concerned in this article are the education level of farmers and the change in agricultural TFP. We take into account the existing relevant literature to build an indicator system affecting the rural–urban income gap. The system is mainly composed of 7 first-level indicators and 15 second-level indicators, as shown in Figure 2. The selected variables of the built indicator system are as follows:




	
Economy. The level and structure of economic development are reflected by the per capita real gross domestic product (RGDP) and the proportion of non-agricultural output, respectively [51].



	
Agriculture. We also took into account the agricultural development situation. Agricultural TFP change and agricultural tax are selected as agricultural development indicators [52].



	
Population and Employment. Population density, urbanization, and the unemployment rate are selected as secondary indicators. We use the proportion of urban residents to the total population as the measure of the urbanization rate [53,54].



	
Openness. The degree of China’s openness is measured by the share of foreign direct investment (FDI) in GDP. It is generally believed that the improvement of the opening level will widen the rural–urban income gap. However, this effect may also be altered by the export of agricultural products and the transfer of agricultural labor [5].



	
Education. In this paper, the share of government education expenditure in GDP, the education years of urban and rural residents, and the illiteracy rate of rural residents are selected as the secondary indicators to measure educational resources [27,55].



	
Fiscal. In China, the government plays an important role in economic and social activities, and its actions have a major impact on China’s economic development. On one hand, the government’s policy behavior can effectively promote economic development and significantly improve farmers’ income. On the other hand, urban policies have to a certain extent widened the income gap between urban and rural residents [56].



	
Finance. From the perspective of financial constraints, urban residents themselves have more abundant funds, compared with rural residents, so it is more likely for them to meet financial service conditions and enjoy high-yield returns. However, due to the threshold restrictions of financial services, it is not easy for rural residents to enjoy financial services, which will further widen income gap between urban and rural residents [6,57]. This paper selects the proportion of deposit balance and loan balance in GDP to represent the financial development level of each province.









Data Source and Descriptive Statistical Analysis


The data used in the empirical part of this paper are the province-level panel data of China covering the period from 2003 to 2017. The reason for choosing 30 provincial regions is the lack of relevant data in Tibet. So, the panel data contained 450 samples from 30 provinces for 15 consecutive years. The data were mainly from China Statistical Yearbooks, China Rural Statistical Yearbooks, and China Population and Employment Statistical Yearbooks from 2003 to 2018, as well as the official website of the People’s Bank of China. In addition, in order to eliminate the impact of price factors on the empirical results, this paper takes 2003 as the base period to flatten the variable of per capita GDP. Descriptive statistical analysis was conducted on variables by using Stata14.0, and the results are shown in Table 2.







3. Results


3.1. The Calculation of the Total Factor Productivity of Agriculture in China


Based on the study of Liu et al. [45], this paper calculates the concrete values of China’s agricultural TFP and its components by referring to the estimated results of the stochastic frontier model, in which the inefficiency term has a semi-normal distribution, from 2003 to 2017. We divide China’s agricultural total factor productivity into TEC, TC, and SC, and the results are shown in Figure 3.



Figure 3 shows that the change rate of China’s agricultural TFP is positive from 2003 to 2017, indicating that China’s agricultural productivity is constantly improving, which is consistent with the results calculated by Hu et al. [32]. From the perspective of agricultural TFP components, TC has the greatest impact on agricultural TFP [58], followed by TEC, while SC has almost no impact [30]. This shows that in China’s agricultural production, the return to scale has hardly changed, and the improvement of agricultural productivity is mainly driven by technological progress [30]. From the perspective of the time-change trend, the growth rate of agricultural TFP declined, mainly due to the decline of the TC growth rate. The TEC decreased significantly in 2003 and then rose rapidly in 2004, which was considered to be caused by the outbreak of SARS. From 2005 to 2010, the TEC showed a development trend of low growth, and then the growth rate increased after 2011.




3.2. The Effect of Farmers’ Education Level on the Rural–Urban Income Gap


Using the Stata 14.0 software, the model constructed from the panel data of 30 provinces in China from 2003 to 2017 was estimated by using the system GMM method. In order to show the consistency of the model estimation results, this paper, with reference to the existing literature [47], gives the OLS and fixed-effect model estimation results for coefficient comparison while conducting system GMM estimation of the model.



Taking into account the existence of unobservable individual effects, OLS estimation will cause the lag term coefficient of the explained variable to be higher, while the fixed-effect model estimation will lead to a lower lag term coefficient. Therefore, when the coefficient estimated by the system GMM is between the coefficient estimated by OLS and the coefficient estimated by the fixed-effect model, the estimated result is credible. To further analyze the robustness of the estimated results of the system GMM model, this paper considers reasonable replacement of the model by the explanatory variable (urban income/rural income), so the Theil Index is selected as the proxy variable of the explained variable. On this basis, the new explained variable is used to estimate the system GMM of the model and verify the robustness of the results.



Table 3 shows the estimated results of the impact of farmers’ education level on the rural–urban income gap. Among them, model (a) and (c) respectively represent the estimation results of Equation (15) under the three models of ordinary least squares (OLS), the fixed-effect model (FE), and the system GMM. Model (d) replaces the explained variable with the Theil index as a robustness test.



The estimation results show that the lag term coefficient of the explanatory variable obtained by the system GMM estimation method is 0.8665, which indeed lies between the OLS estimation result (0.9454) and the fixed-effect model estimation result (0.8455), indicating that the result of the system GMM estimation method is reasonable. The coefficient of the lag period of the rural–urban income gap is positive and significant at the 1% level, so it can be inferred that the rural–urban income gap has a certain persistent effect and growth inertia. At the same time, both AR(2) and Sargan statistics cannot reject the existence of second-order autocorrelation and all instrumental variations of the model residences. The null hypothesis that the quantities are all valid indicates that the model setting is appropriate. Specifically, the coefficient of the illiteracy rate of farmers and its impact on the rural–urban income gap is positive and significant at the 1% confidence level, indicating that the improvement of farmers’ education level will reduce the rural–urban income gap. In order to test the robustness of this conclusion, the last column of Table 3 presents the estimated results after replacing the explained variable. It is found that the illiteracy rate of farmers still has a positive impact on the rural–urban income gap, indicating that the conclusion is robust. From another perspective, that is to say, increasing the input of educational resources in rural areas and improving the educational level of farmers will help increase farmers’ income, thereby maintaining social equity and justice and narrowing the rural–urban income gap.



According to the estimated results of the control variables, the coefficient of RGDP is significantly negative, indicating that during the sample period, the improvement of economic growth is conducive to narrowing the income gap between urban and rural residents, which is consistent with the findings of Tang et al. [59] and Chen and Lin [3]. This can be explained as follows: the more developed the economy is, the more capable the region is in promoting the increase of farmers’ income and narrowing urban–rural income gap. The coefficient of the proportion of non-agricultural industries is significantly positive, indicating that the higher the proportion of non-agricultural industries, the greater the rural–urban income gap. The main reason is that farmers are not well-educated and are in a relatively weak position in the job market, so it is difficult for them to seek high-paying jobs in the job market. Therefore, improvement of the industrialization level has widened the rural–urban income gap. The coefficient of financial pressure is positive, indicating the increase of financial pressure contributes to a larger rural–urban income gap. A possible reason is that increasing financial pressure makes it more difficult to increase fiscal expenditures, which is not conducive to improving farmers’ income, thus widening the rural–urban income gap. FDI has a significant inhibiting effect on the rural–urban income gap, which may be attributed to the employment effect of foreign investment. With the continuous improvement of economic openness, the pace of inward migration of labor-intensive industries is accelerated, so agricultural migrant workers obtain a large number of job opportunities, which is conducive to narrowing the rural–urban income gap [20]. The increase of residents’ years of education will widen the rural–urban income gap, and the reason may be related to the gap in the educational levels of urban and rural residents. The increase in the number of years of education is more likely to be caused by the behavior of urban residents, which will further increase the education levels of urban and rural residents and widen the income gap. As the rural economy is relatively backward, the highly educated rural labor force is more likely to migrate to cities and towns and become urban residents, which will further widen the rural–urban income gap. The proportion of loan balance to GDP has a significantly negative impact on the rural–urban income gap. A possible reason is that the greater the loan balance, the greater the possibility of financial support for rural residents, which is conducive to improving farmers’ income.




3.3. The Effect of Farmer’s Education Level on Agricultural TFP


According to the model setting, this part analyzes the influence of the education level of farmers on agricultural TFP. In addition, this part analyzes the effects of the education level of farmers on different components of TFP, and the results are shown in Table 4. The estimation results of the model show that the effect of farmers’ illiteracy rate on TFP is statistically significant and negative, that is, the improvement of farmers’ education level is conducive to the increase of agricultural TFP. From the perspective of the different components of TFP, farmers’ illiteracy rate has a significant and negative impact on TE and TEC, but does not have a significant impact on scale efficiency. Specifically, the impact on TEC is greater than that on TC. According to the estimated results of the control variables, the government’s comprehensive agricultural project development investment and the rate of agricultural irrigation significantly promoted the growth of agricultural TFP. However, the per capita savings of rural households, fiscal expenditure on agriculture, forestry and water affairs, aging ratio, and agricultural disaster rate are not conducive to the growth of agricultural TFP.




3.4. The Effect of Farmer’s Education Level and Agricultural TFP on the Rural–Urban Income Gap


Table 5 shows the estimated results of Equation (17). It can be found that the p-values of the AR(2) test and Hansen test of Model (iii) are both significantly greater than 0.1, and the estimated results of the lag term coefficients of the explained variables are located between the estimation results of Model (i) and Model (ii), indicating that the set econometric model and the selected estimation method are reasonable.



According to the estimation results of the variables, both the illiteracy rate of farmers and agricultural TFP have a significant impact on the rural–urban income gap. Combined with the above analysis, it is shown that the agricultural TFP does play a mediating role in the impact of the farmers’ education level on the rural–urban income gap. The improvement of the education level of farmers not only plays a direct role in narrowing the income gap between urban and rural areas, but also it can indirectly narrow the rural–urban income gap by increasing agricultural TFP.



In order to further analyze the effects of the various components of TFP and the illiteracy rate of farmers on the rural–urban income gap, the agricultural TFP in Equation (17) is replaced with TEC, TC, and SC, and re-estimated using the system GMM method. The results are shown in Table 6.



The estimation results in Table 6 show that the coefficient of TEC is significantly negative, while the coefficients of TC and SC are not significant. Combining the results with the information in Table 4 above, the illiteracy rate of farmers has a significant impact on both TEC and TC. Therefore, the improvement of the education level of farmers can narrow the rural–urban income gap through the intermediary effect of agricultural technology efficiency. Then, we analyze the mediating role of agricultural TC. The estimation result of Model (2) shows that the coefficient of TC is not significant. Therefore, progress of agricultural technology has a completely mediating effect.




3.5. Interaction of Farmers’ Education Level and Agricultural TFP Regarding the Rural–Urban Income Gap


According to different situations under the interaction effect of the education level of farmers and the change of agricultural TFP and how they impact the rural–urban income gap, four models were constructed above to represent the emerging situations. Table 7 shows the estimated results of the four models.



In general, the estimated results show that the model can pass AR(2) and Sargan tests, indicating the model setting is reasonable. The regression results are shown in the first column of Table 7, when the rural–urban income gap is not affected by the education level of farmers and agricultural TFP. When the rural–urban income gap is affected by the education level of farmers but not by agricultural TFP, it is consistent with the model in Equation (15), and the estimated results are shown in Model (c) in Table 3. When the rural–urban income gap is influenced by agricultural TFP but not by the education level of farmers, the estimated results for Case 2 are shown in Model (ii) in Table 7. The coefficient of agricultural TFP is significantly negative, indicating that the increase of agricultural TFP can effectively reduce the rural–urban income gap. Specifically, the income gap between urban and rural areas was reduced by 0.4561 for each 1-point increase in agricultural TFP, which may be because the increase of agricultural TFP is conducive to the increase of farmers’ income, thus narrowing the rural–urban income gap.



It can be seen that the increase of agricultural TFP and the improvement of farmers’ education level both have a significant impact on narrowing the rural–urban income gap. Considering that the education level of farmers and the change of agricultural TFP are not independent of each other, the interaction effect between the two is further investigated, and the interaction term of the two (TFP change * illiteracy rate) is included in the model to correspond to the estimation result of Model (iv) in Table 7. It can be seen from the estimation results of the model that the interaction term is significant at the level of 10% and the sign is positive, indicating that the interaction effect between the illiteracy rate of farmers and the change of agricultural TFP widens the rural–urban income gap. In other words, the increase of agricultural TFP enlarges the marginal effect of the education level of farmers on the rural–urban income gap. Meanwhile, the improvement of the education level of farmers enlarges the marginal effect of agricultural TFP on the rural–urban income gap.



The reasons for the above results can be derived from the source of the increase in agricultural TFP. Through the analysis of the sources of China’s agricultural TFP growth above, it can be found that the growth of China’s agricultural TFP mainly comes from the progress of agricultural technology. [58] also showed that the agricultural TFP in China, to a large extent, reflects the change in agricultural technological progress. This implies a higher requirements for farmers’ production technology level, and farmers need to have higher professional skills to match advanced agricultural technology. Therefore, when the education level of farmers increases, the marginal effect of agricultural TFP on the rural–urban income gap will be further amplified.




3.6. Quantile Regression Analysis of Farmers’ Education Level, Agricultural TFP, and the Rural–Urban Income Gap


Quantile regression analysis describes how the independent variable affects the different quantiles of the dependent variable. At different quantile levels, the parameter coefficient represents the effect of the same influencing factor on the dependent variable [60,61]. This paper analyzes the effects of agricultural TFP and the education level of farmers on the rural–urban income gap under different quantiles, and the results are shown in Table 8. For simplicity, we report only the results estimated at the 10th, 25th, 50th, 75th, and 90th quantiles. The estimation results in Table 8 show that, at each quantile level, the increase of farmers’ education level significantly narrows the rural–urban income gap, but its coefficients are different at different quantiles. Figure 4 shows the coefficient of the farmer illiteracy rate and its 95% confidence interval at different quantiles. At the 75th quantile level, the illiteracy rate of farmers has the greatest impact on the rural–urban income gap. When the illiteracy rate of farmers is reduced by one percentage point, the rural–urban income gap is reduced by 0.0329.



It can be found that with the increase of the quantile, the effect of the education level of farmers on the rural–urban income gap generally presents a downward trend. A possible reason is that when the rural–urban income gap is at a lower quantile, that is, when the rural–urban income gap is small, farmers may have part-time jobs. Farmers’ non-agricultural wage income accounts for a relatively high proportion of their total income, and non-agricultural work also requires relatively high overall quality of farmers. Therefore, the education level of farmers has a greater impact on the rural–urban income gap at low quantiles.



From the perspective of the impact of agricultural TFP on the rural–urban income gap, the impact of agricultural TFP on the rural–urban income gap is not significant at lower levels. However, the increase of agricultural TFP can reduce the rural–urban income gap at higher levels. This paper considers that the possible reasons lie in the different sources of farmers’ income. At high levels of the rural–urban income gap, the main income of farmers comes from agricultural production [62], so the increase of agricultural TFP is conducive to promoting farmers’ income, which narrows the rural–urban income gap.





4. Conclusions


Based on the panel data of 30 provinces in China from 2003 to 2017, this paper first analyzed the impact of the education level of farmers on the rural–urban income gap as well as the mediating role of agricultural TFP. Subsequently, an interaction effect model was constructed to study the interaction effect of farmers’ education level and agricultural TFP on the rural–urban income gap. Finally, under different quantiles, the paper studied the differential impact of the education level of farmers and agricultural TFP on the rural–urban income gap. The main conclusions of this study can be drawn as follows.



The education level of farmers can not only affect the rural–urban income gap directly, but also affect the agricultural TFP to have an indirect impact on the rural–urban income gap. To a certain extent, the education level of farmers can represent the labor skills of farmers. An increase in the education level of farmers indicates improvement of the quality of farmers’ labor force; in this situation, farmers are more likely to engage in higher-paying non-agricultural work, thus increasing their non-agricultural income and narrowing the rural–urban income gap. In addition, an increase in the education level of farmers enables farmers to master new agricultural technologies, thereby effectively promoting the improvement of agricultural TFP. Therefore, greater education can improve farmers’ agricultural income and the narrow rural–urban income gap.



Agricultural TFP and the education level of farmers are not independent of each other, but interactive. The interaction effect has significantly widened rural–urban income gap. An increase of agricultural TFP will enlarge the marginal effect of the education level of farmers on the rural–urban income gap, and an increase of the education level of farmers will also increase the impact of agricultural TFP on the rural–urban income gap.



The education level of farmers and agricultural TFP have different impacts on the rural–urban income gap at different quantiles. From the perspective of the effect of the education level of farmers, the coefficient of influence decreases as the rural–urban income gap increases. From the perspective of the impact of agricultural TFP, the impact coefficient is only significant at the high quantile of the rural–urban income gap. This may be caused by differences in the composition of farmers’ income in different regions.



Based on the above conclusions, the following policy recommendations are proposed to narrow the rural–urban income gap. First, the Chinese government should further increase primary education of the adult rural labor force, including the elderly. On the one hand, it is helpful to engage new professional farmers who will become “educated” and “skilled”. On the other hand, it can widen the range of employment opportunities and will not require farmers to remain engaged in simple, physically demanding work. Obviously, these two aspects can improve farmers’ income in the long term and short term, respectively. Second, we propose to vigorously develop adult education in rural areas and improve the vocational education level of migrant workers. Vocational education plays an indispensable role in the process of increasing the income of migrant workers. Agricultural modernization, mechanization, and intellectualization promote technological progress and TFP growth. Vigorously developing rural adult education can improve farmers’ education level and adapt modern agricultural production practices. This just shows that farmers’ income can be increased through the growth of agricultural TFP and the increase of output. Third, to strengthen the training of farmers, it would be wise to adopt advanced agricultural production technology and improve agricultural TFP. The improvement of agricultural TFP is not only conducive to the sustainable development of agriculture, but also conducive to the release of part of the rural labor force and the upgrading of industrial structure. The released rural surplus labor can engage in other non-agricultural work, which will promote the increase of farmers’ non-agricultural income and narrow the rural–urban income gap. Therefore, on one hand, the government should increase technical training for farmers to improve their professional skills. On the other hand, farmers should take the initiative to strengthen their own learning and improve their abilities. Fourth, it is necessary to adapt measures to local conditions and implement differentiated policies for the current rural–urban income gap in different regions. For areas with large rural–urban income gaps, it is necessary to strengthen training of farmers’ agricultural production techniques and improve agricultural TFP to narrow the rural–urban income gap. For areas with relatively small rural–urban income gaps, it is necessary to strengthen the education and training of farmers, which can further narrow the rural–urban income gap.



This study also has some limitations. First of all, with the continuous promotion and development of China’s compulsory education and the continuous improvement of science and technology, it may no longer match the social reality to use the illiteracy rate to represent the education level of farmers. Secondly, agricultural digital transformation plays an important role in improving agricultural productivity [63] and increasing farmers’ income [64]. The education level of farmers may have a direct impact on the digitization of the agricultural industry. In a future study, we can use the proportion of education to represent the level of education and also consider the impact of different levels of education on the urban–rural income gap. How to narrow the urban–rural income gap through agricultural industry digitization and education level improvement is also an interesting research question.
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Figure 1. The effect of farmers’ education level on the rural–urban income gap based on the mediating effect of agricultural TFP. 
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Figure 2. Indicators to identify determinants of the rural–urban income gap. 
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Figure 3. TFP change and its decomposition changes from 2003 to 2017. 






Figure 3. TFP change and its decomposition changes from 2003 to 2017.



[image: Agriculture 12 01920 g003]







[image: Agriculture 12 01920 g004 550] 





Figure 4. The coefficient of the illiteracy rate under quantile regression. 
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Table 1. Models under different circumstances affecting rural–urban income gap.
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	Not Affected by TFP Change
	Affected by TFP Change





	Not affected by farmers’ education
	Case 1. Model (i)
	Case 2. Model (ii)



	Affected by farmers’ education
	Case 3. Model (iii)
	Case 4. Model (iv)
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Table 2. Descriptive statistics.






Table 2. Descriptive statistics.





	
Variable

	
Unit

	
Mean

	
Standard Deviation

	
Min

	
Max






	
I. Rural–urban income gap




	
Urban income/rural income

	
Ratio

	
2.966

	
0.547

	
1.845

	
4.771




	
II. Factors affecting agricultural output




	
Agricultural output

	
108 Yuan

	
1130.443

	
1047.48

	
13.9

	
5174.9




	
Labor input

	
104 Person

	
993.6597

	
717.925

	
34.62

	
3398




	
Planting area

	
103 Ha

	
5304.828

	
3590.794

	
120.94

	
14,902.72




	
Machinery power

	
104 Kilowatt

	
2858.595

	
2736.308

	
95.32

	
13,353.02




	
Plastic film

	
104 Ton

	
7.0992

	
6.4387

	
0.0821

	
34.3524




	
Pesticide

	
104 Ton

	
5.447458

	
4.325183

	
0.16

	
17.35




	
III. Factors affecting rural–urban income gap




	
Illiteracy rate

	
Percent

	
7.1607

	
4.4989

	
1.23

	
24.07




	
Per capita GDP

	
104 Yuan

	
2.6672

	
1.8384

	
0.3701

	
10.4133




	
Non-agricultural

	
Percent

	
88.4185

	
6.1314

	
62.9872

	
99.6384




	
Fiscal revenue

	
Percent

	
14.53

	
4.28037

	
8.1

	
32.7




	
Fiscal pressure

	
-

	
2.2420

	
0.9386

	
1.0516

	
6.7450




	
Urban

	
Percent

	
51.1948

	
14.4544

	
19.85

	
89.6




	
Population

	
108 person

	
286.8196

	
1002.442

	
0.0533

	
4622.064




	
Unemployment

	
Percent

	
3.5810

	
0.6926

	
1.21

	
6.5




	
Open

	
Percent

	
41.2006

	
51.4200

	
4.8067

	
585.7918




	
Tax

	
-

	
0.7333

	
0.4427

	
0

	
1




	
Education fund

	
Percent

	
4.9110

	
1.4857

	
2.4773

	
10.3802




	
Education years

	
year

	
8.6820

	
1.0413

	
6.0404

	
12.7653




	
Deposits balance

	
Percent

	
1.6232

	
0.7063

	
0.7509

	
5.5865




	
Loan balance

	
Percent

	
1.1631

	
0.4290

	
0.2877

	
2.5847
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Table 3. The influence of farmers’ education level the on rural–urban income gap.
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Model (i)

	
Model (ii)

	
Model (iii)

	
Model (iv)




	

	
OLS

	
FE

	
System

GMM

	
Robustness






	
L.income gap

	
0.9454 ***

	
0.8455 ***

	
0.8665 ***

	
0.4338 ***




	

	
(0.0192)

	
(0.0277)

	
(0.0493)

	
(0.0498)




	
Illiteracy rate

	
0.0118 ***

	
0.0196 ***

	
0.0299 ***

	
0.0024 ***




	

	
(0.0029)

	
(0.0035)

	
(0.0028)

	
(0.0003)




	
RGDP

	
−0.0083

	
−0.0062

	
−0.0245 ***

	
0.0316 ***




	

	
(0.0060)

	
(0.0101)

	
(0.0088)

	
(0.0059)




	
Non-agricultural

	
0.0003

	
−0.0023

	
0.0074 *

	
0.0035 ***




	

	
(0.0013)

	
(0.0033)

	
(0.0042)

	
(0.0005)




	
Fiscal revenue

	
−0.0018

	
−0.0029

	
−0.0047

	
−0.0030 ***




	

	
(0.0021)

	
(0.0047)

	
(0.0029)

	
(0.0007)




	
Financial pressure

	
0.0008

(0.0077)

	
0.0143

(0.0267)

	
0.0477 **

(0.0242)

	
−0.0223 ***

(0.0037)




	
Urban

	
−0.0009

(0.0009)

	
−0.0019

(0.0013)

	
0.0004

(0.0009)

	
−0.0105 ***

(0.0020)




	
Population

	
4.23 × 10−6

(3.97 × 10−6)

	
0.00008

(0.0001)

	
0.0001

(0.0001)

	
−0.00007 **

(0.00003)




	
Unemployment

	
0.0086

(0.0073)

	
0.0048

(0.0189)

	
0.0019

(0.0176)

	
0.0396 ***

(0.0063)




	
Open

	
0.0002 ***

	
0.00001

	
−0.0001 *

	
−0.00002 ***




	

	
(0.00007)

	
(0.0001)

	
(0.0001)

	
(9.48 × 10−6)




	
Tax

	
−0.0356 **

	
0.0266

	
0.0129

	
−0.0023




	

	
(0.0151)

	
(0.0198)

	
(0.0118)

	
(0.0021)




	
Education years

	
0.0481 ***

	
0.0160

	
0.0773 ***

	
−0.0080 ***




	

	
(0.0168)

	
(0.0238)

	
(0.0151)

	
(0.0030)




	
Deposits balance

	
0.0163

	
0.0403727

	
0.1052 *

	
0.0263 **




	

	
(0.0154)

	
(0.0418)

	
(0.0584)

	
(0.0127)




	
Loan balance

	
−0.0357

	
−0.0507

	
−0.2158 **

	
−0.0580 ***




	

	
(0.0241)

	
(0.0441)

	
(0.0935)

	
(0.0155)




	
Constant

	
−0.2931 *

	
0.4319

	
−1.1640 ***

	
0.3303 ***




	

	
(0.1752)

	
(0.4020)

	
(0.3879)

	
(0.1191)




	
R2

	
0.9698

	
0.8731

	

	




	
F-statistic

	
756.30

	
350.88

	

	




	
Wald test (chi2)

	

	

	
3713.72

	
41064.03




	
Wald test (p-value)

	

	

	
0.0000

	
0.0000




	
Sargan test (chi2)

	

	

	
27.0227

	
22.9966




	
Sargan test (p-value)

	

	

	
0.8859

	
0.9652




	
Arellano-Bond test for AR(1)




	
(z-statistic)

	

	

	
−3.569

	
−1.0786




	
(p-value)

	

	

	
0.0004

	
0.2808




	
Arellano-Bond test for AR(2)




	
(z-statistic)

	

	

	
−0.2081

	
−0.6804




	
(p-value)

	

	

	
0.8351

	
0.4962








t statistics in parentheses; * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table 4. The influence of farmers’ illiteracy on the TFP change.
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	TFP Change
	TC
	TEC
	SC





	Constant
	−0.3861 *

(0.2021)
	0.1402 ***

(0.0227)
	−0.5291 ***

(0.2006)
	0.0027 ***

(0.0008)



	Illiteracy rate
	−0.0042 **

(0.0018)
	−0.0011 ***

(0.0002)
	−0.0030 *

(0.0018)
	−0.00001

(0.00001)



	Saving
	−0.0733 ***

(0.0186)
	−0.0448 ***

(0.0022)
	−0.0281

(0.0181)
	−0.0003 ***

(0.0001)



	Size
	0.0362

(0.0269)
	−0.0049

(0.0053)
	0.0412

(0.0274)
	−0.0001

(0.0001)



	Expenditure
	−0.0283 ***

(0.0107)
	−0.0202 ***

(0.0016)
	−0.0080

(0.0104)
	0.00001

(0.0001)



	Development
	0.0623 ***

(0.0202)
	0.0093 ***

(0.0019)
	0.0530 ***

(0.0200)
	−0.00007

(0.00009)



	Disaster
	−0.1267 ***

(0.0403)
	0.0032

(0.0084)
	−0.1314 ***

(0.0400)
	0.0014 **

(0.0006)



	Irrigation
	0.1805 ***

(0.0652)
	0.0013

(0.0078)
	0.1798 ***

(0.0627)
	−0.0006 *

(0.0003)



	Population
	−0.0016

(0.0013)
	0.0001

(0.0003)
	−0.0016

(0.0012)
	−0.00004 **

(0.00001)



	Older
	−0.4808 **

(0.2251)
	0.0693 *

(0.0395)
	−0.5422 **

(0.2248)
	−0.0079 ***

(0.0019)



	R-squared
	0.1082
	0.8544
	0.0655
	0.3023



	F-statistics
	7.50
	396.13
	2.05
	27.10



	Prob > F
	0.0000
	0.0000
	0.0328
	0.0000







t statistics in parentheses; * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table 5. The influence of the TFP and the education level of farmers on the rural–urban income gap.
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Model (i)

	
Model (ii)

	
Model (iii)

	
Model (iv)




	

	
OLS

	
FE

	
System

GMM

	
Robustness






	
L.income gap

	
0.9465 ***

(0.0192)

	
0.8439 ***

(0.0274)

	
0.8441 ***

(0.0383)

	
0.2975 ***

(0.0535)




	
Illiteracy rate

	
0.0120 ***

(0.0030)

	
0.0197 ***

(0.0034)

	
0.0212 ***

(0.0034)

	
0.0015 ***

(0.0004)




	
TFP change

	
0.0175

	
−0.3357 ***

	
−0.3882 ***

	
−0.1177 ***




	

	
(0.0238)

	
(0.1133)

	
(0.0900)

	
(0.0168)




	
RGDP

	
−0.0083

	
−0.0145

	
−0.0332 ***

	
0.0336 ***




	

	
(0.0060)

	
(0.0104)

	
(0.0102)

	
(0.0034)




	
Non-agricultural

	
(0.0002)

	
−0.0051

	
−0.0024

	
−0.0039 ***




	

	
(0.0013)

	
(0.0034)

	
(0.0048)

	
(0.0011)




	
Fiscal revenue

	
−0.0016

	
−0.0025

	
−0.0066 **

	
0.0009




	

	
(0.0022)

	
(0.0046)

	
(0.0032)

	
(0.0007)




	
Financial pressure

	
0.0011

(0.0078)

	
0.0075

(0.0266)

	
0.0049

(0.0280)

	
0.0044

(0.0031)




	
Urban

	
−0.0008

(0.0009)

	
−0.0030 **

(0.0014)

	
−0.0015 **

(0.0006)

	
−0.0148 ***

(0.0014)




	
Population

	
4.70 × 10−6

(4.08 × 10−6)

	
0.00005

(0.0001)

	
0.00003

(0.00009)

	
−0.00006 *

(0.00003)




	
Unemployment

	
0.0078

(0.0074)

	
0.0070

(0.0188)

	
0.0295 *

(0.0171)

	
0.0130 ***

(0.0047)




	
Open

	
(0.0002) ***

	
−0.00002

	
−0.0001

	
−0.00004




	

	
(0.00007)

	
(0.0001)

	
(0.0001)

	
(0.00003)




	
Tax

	
−0.0346 **

	
0.0160

	
0.0041

	
0.0029 *




	

	
(0.0152)

	
(0.0199)

	
(0.0090)

	
(0.0018)




	
Education years

	
0.0486 ***

	
0.0243

	
0.0718 ***

	
0.0029 ***




	

	
(0.0170)

	
(0.0237)

	
(0.0142)

	
(0.0018)




	
Deposits balance

	
0.0145

	
0.0284

	
0.0927

	
−0.0168 *




	

	
(0.0157)

	
(0.0416)

	
(0.0657)

	
(0.0098)




	
Loan balance

	
−0.0354

	
−0.0395

	
−0.1382

	
−0.0118




	

	
(0.0241)

	
(0.0438)

	
(0.0894)

	
(0.0085)




	
Constant

	
−0.3034 *

	
0.7660 *

	
0.0775

	
1.2956 ***




	

	
(0.1774)

	
(0.4136)

	
(0.4923)

	
(0.1677)




	
R2

	
0.9698

	
0.8760

	

	




	
F-statistic

	
702.83

	
176.58

	

	




	
Wald test (chi2)

	

	

	
46489.35

	
22,047.27




	
Wald test (p-value)

	

	

	
0.0000

	
0.0000




	
Sargan test (chi2)

	

	

	
25.1858

	
19.1911




	
Sargan test (p-value)

	

	

	
1.0000

	
1.0000




	
Arellano–Bond test for AR(1)




	
(z-statistic)

	

	

	
−3.446

	
−0.9354




	
(p-value)

	

	

	
0.0006

	
0.3496




	
Arellano–Bond test for AR(2)




	
(z-statistic)

	

	

	
−0.2645

	
−0.5526




	
(p-value)

	

	

	
0.7913

	
0.5805








t statistics in parentheses; * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table 6. The impact of the TFP change components on the rural–urban income gap.
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Model (i)

	
Model (ii)

	
Model (ii)






	
illiteracy rate

	
0.0151 ***

(0.0050)

	
0.0326 ***

(0.0034)

	
0.0230 ***

(0.0027)




	
TEC

	
−0.5615 ***

(0.1295)

	

	




	
TC

	

	
−0.5198

(0.8496)

	




	
SC

	

	

	
−6.9760 (13.1640)




	
Control variables

	
YES

	
YES

	
YES




	
Wald test (chi2)

	
31,045.26

	
13,419.72

	
26,921.69




	
Wald test (p-value)

	
0.0000

	
0.0000

	
0.0000




	
Sargan test (chi2)

	
24.3832

	
26.1343

	
27.2323




	
Sargan test (p-value)

	
1.0000

	
1.0000

	
1.0000




	
Arellano–Bond test for AR(1)




	
(z-statistic)

	
−3.035

	
−3.6362

	
−3.3044




	
(p-value)

	
0.0024

	
0.0003

	
0.0010




	
Arellano–Bond test for AR(2)




	
(z-statistic)

	
−0.3114

	
−0.1904

	
−0.2742




	
(p-value)

	
0.7555

	
0.8490

	
0.7839








t statistics in parentheses; *** p < 0.01.













[image: Table] 





Table 7. The influencing factors of the rural–urban income gap under the interaction effect.






Table 7. The influencing factors of the rural–urban income gap under the interaction effect.





	

	
Model (i)

	
Model (ii)

	
Model (iv)






	
L.income gap

	
0.8345 ***

(0.0467)

	
0.7759 ***

(0.0489)

	
0.7985 ***

(0.0775)




	
Illiteracy rate

	

	

	
0.0220 ***

(0.0040)




	
TFP change

	

	
−0.4561 ***

	
−0.3545 **




	

	

	
(0.0816)

	
(0.1552)




	
TFP change * illiteracy rate

	

	

	
0.0077 *




	

	

	

	
(0.0046)




	
RGDP

	
−0.0154

	
−0.0339 ***

	
−0.0362 ***




	

	
(0.0106)

	
(0.0109)

	
(0.0123)




	
Non-agricultural

	
0.0009

	
−0.0045

	
−0.0023




	

	
(0.0029)

	
(0.0056)

	
(0.0065)




	
Fiscal revenue

	
−0.0065 *

	
−0.0094 ***

	
−0.0051




	

	
(0.0035)

	
(0.0035)

	
(0.0038)




	
Financial pressure

	
0.0320

(0.0282)

	
0.0282

(0.0265)

	
0.0134 (0.0198)




	
Urban

	
−0.0019 ***

(0.0005)

	
−0.0035 ***

(0.0006)

	
−0.0012

(0.0053)




	
Population

	
−0.0001

(0.0004)

	
0.00005

(0.00008)

	
−0.0001 (0.0003)




	
Unemployment

	
−0.0038

(0.0233)

	
0.0342

(0.0226)

	
0.0549 *** (0.0205)




	
Open

	
0.0002 **

	
0.0001

	
−0.00008




	

	
(0.0001)

	
(0.0001)

	
(0.0001)




	
Tax

	
−0.0488 ***

	
−0.0341 **

	
0.0258




	

	
0.0104)

	
(0.0136)

	
(0.0215)




	
Education years

	
−0.0054

	
0.0197

	
0.0710 ***




	

	
(0.0143)

	
(0.0169)

	
(0.0158)




	
Deposits balance

	
0.1413 ***

	
0.1290 **

	
0.1047 **




	

	
(0.0351)

	
(0.0529)

	
(0.0519)




	
Loan balance

	
−0.1833 ***

	
−0.1741 *

	
−0.1475 **




	

	
(0.0580)

	
(0.0904)

	
(0.0600)




	
Constant

	
0.6715 **

	
1.1533 **

	
0.1017




	

	
(0.3096)

	
(0.4933)

	
(0.6101)




	
Wald test (chi2)

	
39,081.53

	
29,630.57

	
19,727.57




	
Wald test (p-value)

	
0.0000

	
0.0000

	
0.0000




	
Sargan test (chi2)

	
28.8296

	
25.3580

	
26.8940




	
Sargan test (p-value)

	
1.0000

	
1.0000

	
1.0000




	
Arellano–Bond test for AR(1)




	
(z-statistic)

	
−3.6071

	
−3.4393

	
−3.1541




	
(p-value)

	
0.0003

	
0.0006

	
0.0016




	
Arellano–Bond test for AR(2)




	
(z-statistic)

	
−0.1802

	
−0.3964

	
−0.6654




	
(p-value)

	
0.8570

	
0.6917

	
0.5058








t statistics in parentheses; * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table 8. Estimate results of quantile regression.
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	QR_10
	QR_25
	QR_50
	QR_75
	QR_90





	Illiteracy rate
	0.0416 ***

(0.0100)
	0.0332 ***

(0.0067)
	0.0311 ***

(0.0070)
	0.0329 ***

(0.0066)
	0.0310 ***

(0.0115)



	TFP change
	0.0964

(0.1003)
	0.0428

(0.0714)
	−0.0416

(0.0598)
	−0.2090 ** (0.1031)
	−0.3958 ***

(0.0893)



	Control variables
	YES
	YES
	YES
	YES
	YES



	Constant
	2.5935 ***

(0.1919)
	2.9635 ***

(0.1447)
	3.3053 ***

(0.1584)
	4.0206 ***

(0.3492)
	4.7457 ***

(0.3196)



	R2
	0.3804
	0.3997
	0.4372
	0.4763
	0.5550







t statistics in parentheses; ** p < 0.05, *** p < 0.01.
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