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Abstract

:

In the digital age, it is critical to understand the nexus between digital technology (DT) and land rent-out behavior (LRB). It has implications for reducing the rate of land abandonment to achieve sustainable agricultural development. A large dataset (n = 5233) dating from 2016 and coming from the China Family Panel Studies (CFPS) is used to explore the impact of DT on LRB by applying several econometric models, also including the “Recursive Bivariate Probit (RBP) model” and “Chain Multiple Mediation effect (CMM) model”. We provide empirical evidence that the DT’s information sharing effect positively impacted LRB, while an opposite effect is observed by the “digital divide (DT_GAP)” i.e., information exclusion that negatively impacted LRB. We further test the effect of two other variables, namely “digital information dependence” and “non-farm jobs” supposed as mediating factors of DT and DT_GAP in influencing LRB, respectively in a positive and negative way. In particular, the variable “nonfarm jobs” plays a mediating role conditional on the variable “digital information dependence” as a mediating variable at the first level. In addition, statistical tests reveal that the impact of DT and the DT_GAP on LRB is not significant in terms of regional preferences but is significant in terms of age of householder and household income level.
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1. Introduction


Measuring Digital Development: Facts and Figures 2021, published by International Telecommunication Union (ITU), shows that global Internet penetration is 59.5% as of 2020 and measures that it will reach 63% in 2021 [1]. As the largest developing country in the world, China has an Internet penetration rate of 73%, with 78.3% in urban areas and 59.3% in rural areas [2]. The information dividend released by the development of the Internet has contributed to the economic and social development of the world. The land is an important resource in agricultural production. Promoting the land production factor mobility is a key link to achieving the improvement of agricultural production efficiency. As a largely agricultural country, highly fragmented land and smallholder are the basic characteristics of China’s agriculture. However, low level of agricultural mechanization, high degree of land fragmentation, and small-scale family farms are also the characteristics of the agricultural development constraints faced by most developing countries or regions. Therefore, promoting the land production factor mobility and integrating finely fragmented land are inevitable requirements for improving agricultural production efficiency and achieving sustainable development of the agricultural activity. Digital technology (DT) breaks through the limitation of time and space and brings about a change in information transmission. There are advantages to optimizing the allocation of land resources and promoting the mobility of land resources. However, it is undeniable that there is a digital divide (DT_GAP) caused by unevenness and inadequacy in the development of DT. It can produce information exclusion and weaken the positive impact brought by DT. China has realized the digital management of national land use status in 2014 [3]. In recent years, the Chinese government has actively promoted the reform of rural land digitization. It has pushed forward the digital management process of registration, transfer, and distribution of rural land. Taking China as an example, we reveal the impact of DT and the DT_GAP on land rent-out behavior (LRB) and how this impact can be interpreted. It is meaningful for developing countries to reduce the rate of land abandonment, improve agricultural efficiency, and achieve sustainable farmer livelihoods.



The nexus between DT and income levels has received extensive academic attention and has been thoroughly researched. Existing studies have strongly confirmed that the development of DT plays a positive role in global economic growth and poverty alleviation [4,5]. The impact of DT on agriculture development has also been extensively researched. Agricultural information, which is effectively supplied by DT, controls damage to crops by adverse factors (such as natural disasters) and achieves increased agricultural production [6]. At the same time, the distribution of production factors and the structure of cultivation are optimized by information access from DT, thus increasing agricultural productivity [7]. Agricultural productivity and efficiency are improved by artificial intelligence, which is an important application of DT, while the problem of labor shortages and sustainable agricultural development are addressed effectively [8]. For developing countries, the information problems that prevented smallholders from accessing markets are solved by the application of DT in agricultural production [9]. It is specifically practiced in China where DT is embedded in agricultural production. Agricultural cell phone SMS services had appeared in the Chinese agricultural market in the early 2000s. Farmers’ price search costs before the market launch of agricultural products are reduced by SMS services, which improves farmers’ position in the market. Therefore, farmers use agricultural information technology to obtain more information and increase the selling price of their agricultural products [10]. With the rise of e-commerce, e-commerce clustered villages (e.g., Taobao villages) promote e-commerce down to the rural market. The cluster development of rural e-commerce has broadened the channels for agricultural product sales [11,12].



The land is one of the key elements of agricultural production and has been focused on by agricultural economics. Good resource allocation can effectively improve productivity. Some studies have shown that the effective allocation of resources and the improvement of agricultural productivity are promoted by land transfer (i.e., an active land buying and selling market). When land transfer promotes large-scale operation, agricultural productivity is effectively improved and farmers’ agricultural income is increased [13,14]. Philippines land reform, which included government land allocation and prohibition of alienation, reduces average farm size by 34% and agricultural productivity by 17%, which is a negative example [15]. In China’s land reform, the Chinese central government has proposed the “Three Rights Separation” (“Three Rights Separation” refers to the separation of ownership right, contracting right (disposal right) and operation right of land. In China, the transfer of agricultural land refers to the transfer of operation rights). It encourages the transfer of operation rights to professional farmers to increase farm income by increasing the operation scale as far as possible [16,17]. In 2019, the scale of transferred land in China accounts for 28.94% of the total land [18]. In terms of land rental characteristics, land rentals from smallholders to other operators are very limited. Such characteristics highlight the long-term nature of smallholder agricultural production in China and the obstacles to expanding agricultural production on a larger scale [19].



LRB is driven by many factors, including economic factors, cultural factors, and individual characteristics [20]. For example, people who have experienced famine are more reluctant to rent out their land [21]. Household labor migration also has an effect on LRB, and this effect varies by the size of labor migration and region difference [22]. At the same time, numerous studies have shown that there is a deviation between land rental willingness and behavior [23,24,25]. In practice, the deviation arise mainly from the imperfection of the land rental market and related systems, and the lack of property income for farmers in process of land rental [24]. At this stage, the nexus between DT, more precisely Internet technology, and land use is also more fully justified. DT, represented by Internet technology, can enhance the accessibility of modern technologies in agriculture (e.g., agricultural machinery) and improve land use efficiency [26]. Meanwhile, DT can significantly improve information asymmetry in agricultural markets, while reducing cropland abandonment. An empirical study based on a sample of 8031 farming households showed that Internet use can reduce the abandonment of cropland by 43.20% [27].



It is clear that the mobility of land production factor is essential to improving land utilization [28]. However, the nexus between DT and land rental has been explored only preliminarily and is to a very limited extent. Related research has concluded that farmers’ land rental behavior (including rent out and rent in) was significantly facilitated by access to agricultural information through the Internet [29]. Among them, the information-seeking ability is an important impact path of the Internet on land rental [30]. The negative impact of DT is also not negligible. DT_GAP contributes to the widening of the household wealth gap [31], the further polarization of the educational divide [32], exacerbating inequalities in healthcare accessibility [33], and exclusion of the aging population [34]. Meanwhile, DT also has negative effects on individuals’ behaviors and perceptions, such as DT can exacerbate people’s pessimism [35,36]. However, existing studies have not focused on the nexus between the DT_GAP and land rental.



In summary, there is a consensus in the existing literature on the positive role of DT, represented by the Internet, in promoting economic development and poverty alleviation. The positive impact of DT in promoting agricultural production efficiency and land utilization with information empowerment is also widely discussed. At the present stage, although the amount of literature on the impact of DT on land rental is limited, the positive effect of DT agricultural land rental has been initially affirmed. Undeniably, the existing studies still have the following shortcomings. On the one hand, existing studies have not paid attention to the impact of the DT_GAP generated by the uneven development of DT on LRB. On the other hand, in terms of the available literature, exploring the nexus between DT and LRB is still insufficient, and the mechanism of DT’s impact on LRB has not been interpreted in depth.



Based on the existing literature, we will analyze the information sharing effect of DT’s impact on LRB and how this impact can be interpreted. Meanwhile, we will also analyze the information exclusion effect of DT_GAP’s impact on LRB and how this impact can be interpreted. Our research will enrich the studies on the nexus between DT and LRB, and fill the gap in the studies of DT_GAP’s impact on LRB.




2. Theoretical Analysis and Research Hypotheses


2.1. Information Sharing and Exclusion of DT


In market economic activities, the theory of information asymmetry assumes that different people have different knowledge of information. Those who have more adequate information tend to be in a more advantageous position, while those who are poorly informed tend to be in a more disadvantageous position [37]. The imbalance caused by information asymmetry impacts the efficiency of market allocation. For example, the information-advantaged party always captures the surplus generated by information asymmetry. In the era of mobile Internet, as a representative of DT, the Internet not only shortens the time distance of information transmission but also improves the timeliness of the information and crosses the geographical limitation. The universal and shared nature of the Internet has reduced information asymmetry. It has improved access to information for the individuals who are in information disadvantaged. Meanwhile, the ICTs revolution has the potential to create new means of social exclusion [38], which is mainly reflected in the information and knowledge inequality brought about by DT_GAP.



In areas of abundantly DT application scenarios, the information sharing effect of DT has fully alleviated information dislocation. Information grabbing will be alleviated or eliminated with the widespread use of DT. In reality, however, a fully covered scenario for the application of DT does not exist. The primary DT_GAP is generated by hardware exclusion, which is mainly reflected in the lack of broadband access for the population in developmentally disadvantaged areas. The secondary DT_GAP is generated by use exclusion, which is mainly reflected in information exclusion of specific populations, including racial exclusion, aging exclusion, and economic or social development exclusion [39,40,41]. It can be considered that both the primary and secondary DT_GAP form a potential information exclusion. The DT_GAP exacerbates information grabbing by worsening the original information asymmetry. Therefore, while DT exerts its information-sharing effect, the DT_GAP generated by the uneven development of DT brings about an information exclusion effect.




2.2. Impact of DT on LRB: Theoretical Analysis and Research Hypothesis


The framework diagram of the theoretical analysis of DT’s impact on LRB was reported in Figure 1.



Information mismatch and information asymmetry are the specific forms of transaction costs in the land rental process, while the search cost of matching supply and demand is reduced by DT. For the side of land rent-out, DT improves the bargaining power and increases the benefits of land rental [42]. Meanwhile, DTs are better than traditional information technologies in terms of timeliness and convenience of information. Therefore, the information advantage of DT increases the farmers’ dependence on digital information channels (DEPENDENCY). With the increase in farmers’ DEPENDENCY, the transaction costs caused by information asymmetry and supply-demand mismatch in land transactions are reduced, further facilitating the formation of LRB decisions for farmers’ households. In the Internet era, the DEPENDENCY is critical for farmers to access nonfarm jobs (JOB_NONFARM). The DEPENDENCY gives farmers more advantage of information. Job seekers, who use DT, get better quality jobs than those who use traditional media [43]. Rural mobile workers with DT skills and DEPENDENCY have access to higher quality income. This is because their skills advantage and information advantage realize the substitution of low-skilled labor groups.



It is undeniable that there is a widespread real dilemma of inadequate and uneven development of DT, namely the DT_GAP problem, which is reflected in the access divide and the use divide. Individuals who use the Internet will further develop Internet knowledge, widening the gap between them and those who do not use the Internet [44], ultimately, there is an information exclusion effect on individuals who do not have access to digital or the Internet. DT_GAP deprives or excludes some individuals from accessing digital information channels, which is attributed to Internet access restrictions or lack of skills to use the Internet. Both of these restrictions reduce or prevent some groups from DEPENDENCY. This will further reduce the likelihood that farmers have access to JOB_NONFARM opportunities. The increase of JOB_NONFARM opportunities will weaken the social security function of land to some extent [45,46]. In other words, the decrease of JOB_NONFARM opportunities will strengthen the social security function of land, then reduce the probability of LRB.



Since the theory of New Economics of Labor Migration was proposed, the nexus between labor migration and factor markets in the place of emigration has been concerned [47]. Agricultural laborers engage in non-agricultural production, leading to a reduction in the number of laborers engaged in agricultural production, which changes the ratio of land to labor factors, resulting in a mismatch between the number of laborers and the scale of the existing agricultural industry. In short, the number of laborers constrains the scale of agricultural production. It can be expected that after the transfer of labor originally involved in agricultural production to the non-agricultural production sector, farm households will reconfigure the ratio of land to labor factors through the land rental market [48].



Based on the above analysis, we propose the following research hypothesis to be tested:



Hypothesis 1 (H1).

The information sharing effect of DT has a significant, direct, and positive effect on farmers’ LRB.





Hypothesis 2 (H2).

The information exclusion effect of DT (DT_GAP) has a significant negative effect on the LRB of farmers.





Hypothesis 3 (H3).

DEPENDENCY and JOB_NONFARM are indirect factors, i.e., mediators of DTU, positively influencing LRB in sequence with each other.





Hypothesis 4 (H4).

Similar to H3, DEPENDENCY and JOB_NONFARM are indirect factors, i.e., mediators of DT_GAP, negatively influencing LRB in sequence with each other.







3. Data Sources, Variables, and Empirical Methods


3.1. Data Sources


China Family Panel Studies (CFPS) data were used in this article. This dataset was provided by the Institute of Social Science Survey (ISSS) of Peking University. CFPS focuses on the economic and non-economic welfare of Chinese residents, and many research topics, including economic activities, educational achievements, family relations and family dynamics, population migration, health, etc. It is a national, large-scale, multidisciplinary social survey project, which uses computer-assisted survey technology to conduct interviews [49]. CFPS program follows the relevant laws and policies of the People’s Republic of China regarding the protection of personal information.



CFPS uses the implicit stratification method to draw multi-stage probability samples, and the samples of each sub-sample frame are obtained by three stages of drawing. The first-stage sample is county-level administrative units, the second-stage sample is village-level administrative units, and the third-stage sample is households. In the third stage, the sampling frame is constructed using the map address method, and the sample households are drawn using circular equiprobable sampling with random starting points. Through data cleaning, we obtained a sample of 5233 rural households, distributed across 455 communities in 25 provincial administrations in a new cross-sectional dataset.




3.2. Variable Settings and Basic Descriptive Statistics


The variables, definitions, and descriptive statistics are reported in Table 1.



Explained variables. LRB indicates whether the respondent farm household had land rent-out behavior in 2015. The mean value of LRB shows that 15.5% of the overall sample had LRB.



Core explanatory variables. DT indicates whether or not household members used the Internet in 2015. The value of 1 is assigned if any member of the household uses the Internet, and 0 is assigned otherwise. The mean value of DT indicates that 21.9% of rural households have been able to access and use the Internet.



Control variables. Refer to the existing literature on the behavioral decisions of rural residents or households [35,50]. Eleven control variables covering both individual characteristics and household characteristics were selected in our research. For aspects of individual characteristics, we selected individual characteristic variables such as AGE, GENDER, HEALTH, EDUCATION, and PARTY of the householder (Since the CFPS questionnaire does not respond to specific information about the head of household. We have chosen to substitute information on the head of household for the household financial respondent (decision maker) by referring to the substitution guidelines commonly used in microdata studies). For aspects of family characteristics, we selected AGE_F, HEALTH_F, EDUCATION_F, MARRY, FAMILYSIZE, and PINCOME_F as control variables for household characteristics. The specific definitions and basic descriptive statistics for all control variables were shown in Table 1. The descriptions were not repeated here.



Auxiliary variables. In accordance with the research design, relevant auxiliary variables were introduced to discuss the impact of the information sharing effect and exclusion effect of DT on LRB. The variable JOB_NONFARM indicates whether or not a household member was engaged in nonfarm jobs during 2015. The mean value shows that 72.0% of rural households were engaged in nonfarm jobs, indicating that nonfarm jobs have become the main employment option for rural households in China. The variable DEPENDENCY indicates the level of dependence on Internet information channels. Both of these variables are mediating variables for discussing the impact of DTU on LRB. We also introduced the frequency of Internet usage scenarios, including the frequency of use in five scenarios: learning, work, social, entertainment, and trade activities, to measure DT_GAP. In terms of frequency of use in different scenarios, social interaction is one of the most frequent scenarios.



Regional variables. To control regional differences and counter the impact of possible unmeasured omitted variables on the model estimation results. Three regional variables were set by using the northeastern region of China as the reference region, namely EASTERN, CENTRAL, and WESTERN.




3.3. Empirical Methods


3.3.1. Probit Model


Based on the characteristics of the data distribution of our chosen explanatory variable LRB (dichotomous variables), the Probit model was selected to test the effect of DT on LRB. The specific numerical derivation process of Probit was not shown anymore, and the equation of the model was set in the form shown in Equation (1). In Equation (1),   L R  B i    denotes the LRB of the i-th sample household, i = 1,2, …, 5233.   D T  U i    denotes the DT of the i-th sample household,   C  V  i r     denotes the r-th control variable of the i-th sample household, r = 1,2,…,11.   R  V  i k     denotes the k-th regional control variable for the i-th sample household, k =1,2,3.    β 0   ,    β 1   ,    β  2 r    ,    β  3 k     denotes the coefficient to be estimated, respectively.    ε i    denotes the random error term.


  L R  B i  =  β 0  +  β 1  D T  U i  +  β  2 r   C  V  i r   +  β  3 k   R  V  i k   +  ε i   



(1)








3.3.2. Recursive Bivariate Probit (RBP) Model


There may be endogeneity between DT and LRB arising from omitted variables. That is, there may be some important explanatory variables that are omitted due to database limitations or subjective preference of the researcher, and these explanatory variables may be correlated with the model’s disturbance term, i.e., the omitted explanatory variables are correlated with the existing explanatory variables, resulting in biased model estimates in Probit model. For this reason, RBP model with instrumental variables is constructed to predict the effect of endogenous dichotomous explanatory variables on dichotomous explanatory variables, and the model equation is set to the form shown in Equation (2). In Equation (2),   I  V i    is the instrumental variable selected for the endogenous variable DT. In this article, the mean value of DT in the same community (excluding the sample itself) is selected (DT_Mean). It is clear that DT_Mean cannot have a direct impact on LRB. Meanwhile, the behavior and cognition of groups within a community can have an effect on the behavior and cognition of individuals, which we call the neighborhood effect or endogenous interaction effect [50]. Therefore, DT_Mean satisfies the principle of bounded exclusion for the selection of instrumental variables.    α 0   ,    α 1   ,    α  2 r    ,    α  3 k    ,    μ 0   ,    μ 1   ,    μ  2 r    , and    μ  3 k     denote the coefficients to be estimated in the two equations respectively.    ξ  1 i     and    ξ  2 i     denote the random error term in the two equations, respectively. The other parameters have the same meaning as in Equation (1).



The use of the RBP model requires the existence of correlation requirement for the two perturbation terms of the two equations in Equation (2). athrho is the parameter that tests whether the perturbation terms are correlated. If athrho passes the significance test, i.e., the original hypothesis that the two perturbation terms are not correlated is rejected, indicating that the use of the RBP model is necessary, and the results of the Probit model are biased.


   {    D  T i   =   α 0  +  α 1  I  V i  +  α  2 r   C  V  i r   +  α  3 k   R  V  i k   +  ξ  1 i       L R  B i  =  μ 0  +  μ 1  D  T i  +  μ  2 r   C  V  i r   +  μ  3 k   R  V  i k   +  ξ  2 i        



(2)








3.3.3. Principal Component Analysis (PCA): Measurement of DT_GAP


To provide a more comprehensive measure of the DT_GAP, we have introduced the frequency of Internet use for learning, work, social, entertainment, and business activities as a comprehensive measure of DT_GAP. PCA method is used to reduce the dimensionality and extract the principal components (DT_PCA) as the main source of data for the calculation of DT_GAP. PCA method is a way of replacing the original variables with a new set of mutually uncorrelated composite variables by regrouping them. The extraction of principal components by the PCA method is a process of dimensionality reduction while retaining more data efficiency [51].



We need to perform a correlation test on the different components selected before moving on to PCA. At the 1% statistical level, the bartlett test passes the significance test. It indicates that the original hypothesis that all variables are uncorrelated with each other is rejected. The test parameter KMO = 0.898 indicates that the sum of squares of the simple correlation coefficients of the different components is much greater than the sum of squares of the partial correlation coefficients. In other words, there is a strong correlation between the different components. Based on all results of the statistical test above, PCA is allowed to be continued.



Table 2 reports the relevant test values for the PCA process. The rules for PCA selection require that the eigenvalue of the selected principal component factor needs to be greater than 1. However, we also have to meet another requirement is that the cumulative variance contribution rate of the principal component be 0.85 or higher. For this reason, we selected both factor1 and factor2 as the components in PCA. We further calculated the uniqueness of the variables, all of which are less than 0.6, indicating that the variance explained by the common factors is large. Therefore, all the factors selected in this article satisfy the uniqueness requirement of the PCA method.



Further, the extracted factors were summed up using proportion as the weight and calculated as shown in Equation (3). In Equation (3),   D T _ P C  A i    denotes the calculated principal component and   D T _ G A  P i    denotes the digital divide.    f  1 i     indicates the proportion of the factor1,   v a l u  e 1    indicates the eigenvalue corresponding to the factor1.  j  indicates the number of factors, according to the above calculation, two factors should be extracted. So, the value of  j  here is 2.   Max ( )   denotes that extracting the maximum value of a variable. Assigned a value to   D T _ G A  P i    by calculating the specific difference between the maximum value of   D T _ P C  A i    and the   D T _ P C  A i    of each sample. The other parameters have the same meaning as in Equations (1) and (2).


   {    D T U _ P C  A i  =    f  1 i   * v a l u  e 1  + … +  f  j i   * v a l u  e j    v a l u  e 1  + … + v a l u  e j        D T U _ G A  P i  = Max ( D T U _ P C  A i  ) − D T U _ P C  A i       



(3)








3.3.4. Chain Multiple Mediating Effects (CMM) Model


The CMM model is suitable for testing mediating effects that contain two or more mediating variables, and there mediating variables are related to each other [52]. Compared with the general mediating effects model, the advantage of the CMM model is that it takes full account of the relationship between the mediating variables. Therefore, the CMM model can be effective in reducing errors in model estimation.



Theoretical analysis has shown that the mediating variable DEPENDENCY impacts LRB through another mediating variable JOB_NONFARM. This means that the two mediating variables are related to each other and apply to the CMM model. A prerequisite for constructing CMM model is that DT has a significant effect on LRB. Obviously, this prerequisite was confirmed in the benchmark regression model and robustness tests above. According to the interpretation of the path of DT’s impact on LRB in the theoretical analysis, we need to construct four equations to test all the impact path of DT on LRB (as shown in Equations (4)–(7)).


  L R  B i  =  β 0  +  β 1  D  T i  +  β  2 r   C  V  i r   +  β  3 k   R  V  i k   +  ε i   



(4)






  D E P E N D E N C  Y i  =  λ 0  +  λ 1  D  T i  +  λ  2 r   C  V  i r   +  λ  3 k   R  V  i k   +  ζ  1 i    



(5)






  J O B _ N O N F A R  M i  =  η 0  +  η 1  D E P E N D E N C  Y i  +  η 2  D  T i  +  η 3    r  C  V  i r   +  η  4 k   R  V  i k   +  ζ  2 i    



(6)






  L R  B i  =  σ 0  +  σ 1  D  T i  +  σ 2  D E P E N D E N C  Y i  +  σ 3  J O B _ N O N F A R  M i  +  σ  4 r   C  V  i r   +  σ  5 k   R  V  i k   +  ζ  3 i    



(7)







Equation (4) is the same as Equation (1). In Equation (5),   D E P E N D E N C  Y i    is the explained variable and   D  T i    is the explanatory variable.    λ 0   ,    λ 1   ,    λ  2 r    , and    λ  3 k     are the coefficients to be estimated and    ζ  1 i     is the random error term. In Equation (6),   J O B _ N O N F A R  M i    is the explained variable,   D E P E N D E N C  Y i    and   D  T i    are the explanatory variables.    η 0   ,    η 1   ,    η 2   ,    η 3    r   , and    η  4 k     are all indicators coefficients to be estimated and    ζ  2 i     is the random error term. In Equation (7),   L R  B i    is the explained variable.  D  T i   ,   D E P E N D E N C  Y i   , and   J O B _ N O N F A R  M i    are the explanatory variables.    σ 0   ,    σ 1   ,    σ 2   ,    σ 3   ,    σ  4 r     and    σ  5 k     are the coefficients to be estimated and    ζ  3 i     is the random error term. All other variables, which are not explained above in Equations (5)–(7), have the same meaning as the variables in Equations (1)–(4).



In order to show and illustrate the mainly coefficients that need to be examined in the CMM model and the path of DT’s impact on the LRB more clearly, we drew a schematic diagram of the CMM model (as shown in Figure 2).



To verify the “DT- DEPENDENCY -LRB” impact mechanism, we need to examine whether the    λ 1    and    σ 2    coefficients both pass the significance test. To verify the “DT- JOB_NONFARM -LRB” impact mechanism, we need to examine whether the    η 2    and    σ 3    coefficients both pass the significance test. To verify the “DT- DEPENDENCY-JOB_NONFARM -LRB” impact mechanism, we need to examine whether the    λ 1   ,    η 1    and    σ 3    coefficients all pass the significance test. The above method also applies when we examine the chain mediating effect of DEPENDENCY and JOB_NONFARM in the impact of DT_GAP on LRB.



Further, It needs to be specifically stated that if the coefficient of DT’s impact on the mediating variable (e.g.,    λ 1   ) and the coefficient of mediating variable’s impact on the LRB (e.g.,    σ 2   ) do not all pass the significance test, but only at least one coefficient (e.g.,    λ 1    or    σ 2   ) passes the significance test. At this point, we need to conduct the Sobel test [53]. If the coefficients pass the Sobel test, we can consider that the mediating effect still holds.






4. Analysis of Results


4.1. Analysis of DT’s Impact Paths on LRB


The results of benchmark model test for the impact of DT on LRB are reported in Table 3. The Probit model is applied in columns (1)–(3), and we put into the control variables and regional variables sequentially for regression. Column (4) reports the results of the marginal effects test of column (3). The test results show that DT exerts a significant positive effect on LRB at the 1% or 5% statistical level, regardless of whether control variables and regional variables are included in the model. It shows that the information sharing effect of DT has a positive impact on LRB, i.e., DT can significantly enhance the formation of LRB. From the results reported in column (4), DT increases probability of LRB by 6.5%. At this point, Hypothesis 1 is initially verified.



The results of the impact of control variables on LRB are also reported in Table 3. The AGE has a positive effect on LRB at the 1% significance level. The probability of LRB increase by 0.2% for each 1-year increase in AGE. The results of the GENDER’s impact on LRB show that gender have a negative effect on LRB at the 1% significance level, and the marginal effect result indicates that female has a greater probability (3.2%) of conducting LRB than male. The higher the AGE_F, the higher the probability of LRB, which is similarity with the results of the AGE’s impact on LRB. As the HEALTH_F continues to deteriorate, labor resource may be inadequate or rapidly shift to other industries with higher labor compensation rates (secondary and tertiary industries), further impacting LRB. At the 5% level of significance, the probability of LRB is elevated by 2.1% for each 1-unit declined in HEALTH_F. At the 1% level of significance, the probability of LRB is 7.8% lower for households in married status compared to those otherwise. To some extent, it means that MARRY promote the household to carry out agricultural production, due to those who are in married status have a lower probability of LRB. The impact of FAMILYSIZE on LRB is not robust but has a negative effect on LRB at the 10% significance level. The marginal effect results show that the probability of LRB decreased by 0.5% for each-1 person increased in FAMILYSIZE. This result further illustrates the importance of labor in the process of engaging in agricultural production. PINCOME_F is an important indicator of household livelihood status [54]. The better the economic status of the households, the higher the probability of LRB. At the 1% significance level, the probability of LRB increased by 2.4% for each 1-unit increased in PINCOME_F. It illustrates that agricultural production has become a non-preferred choice for Chinese farm households to maintain their livelihood. As the income level increases, the willingness of farm households to engage in agricultural production decreases, and the probability of LRB increases. So that means, it is limited that the positive effect of agricultural production on the improvement of household economic status. The results of the regional variables’ impact on LRB indicate that the differences exist in LRB across regions (compared with the northeast region). Detailed interpretation is not performed here.



To further test the robustness of the results in the benchmark model, we re-examined the impact of DT on LRB in two approaches. Table 4 reports robustness test results of the impact of DT on LRB.



In the first approach, the RBP model is used to address omitted variables. The test results in column (1) of Table 4 show that DT has a significant positive effect on LRB in the RBP model, the marginal effect test results for the RBP model are reported in column (2), DT increase the probability of LRB by 3.1%. In contrast, the increasing effect of DT on LRB in the benchmark model was 6.5%. The difference between the two results indicates that the positive effect of DT on LRB without considering endogeneity was overestimated. The parameter athrho passes the significance test, indicating that the RBP model we constructed is reasonable and valid.



In the second approach, we further tested the robustness of DT’s impact on LRB by replacing proxy variables. We have obtained the variable DT_PCA in process of measuring DT_GAP. Column (3) reports the results of impact of DT_PCA on LRB. At the 1% statistical significance level, the results show that DT_PCA has a positive impact on LRB. The results of the IV-Probit model test are reported in column (4). In a similar method to the selection of IV for DT, the mean value of DT_PCA in the community (excluding the sample itself) is used as a IV for DT_PCA. The test results report in column (4) are consistent with column (3). The marginal effect results of column (4) is reported in column (5), which show that the probability of LRB increase by 19.3% for every 1 unit increase in DT_PCA.



Based on the results of the empirical tests above, the positive effect of DT on LRB has been verified by replacing the estimation method and replacing the proxy variables. The robustness of the benchmark model is verified. Therefore, hypothesis 1 is further verified.



Further, we interpreted how DT impacts LRB. Table 5 reports the results of DT’s impact on LRB in CMM model. The test results in columns (1)–(4) correspond to Equations (4)–(7).



Firstly, the test results in column (1) show that the significant positive effect of DT on LRB, which becomes the premise of CMM model to test the impact path of DT on LRB. Secondly, at the 1% statistical level, the results in column (2) show that DT positive impact DEPENDENCY. And the test results in column (3) show that DT does not play a direct effect on JOB_NONFARM, indicating that JOB_NONFARM does not play a mediating effect in DT’s impact on LRB independently. Thirdly, the positive effect of DEPENDENCY on JOB_NONFARM is confirmed at the 10% significance level. In column (4), DT, DEPENDENCY, and JOB_NONFARM have a significant positive effect on LRB at the 1%, 5%, and 1% statistical levels respectively.



Therefore, all test results of the CMM model show that “DT- DEPENDENCY -LRB” and “DT-DEPENDENCY-JOB_NONFARM-LRB” impact path pass the significance test. We further conducted the Sobel test on the impact path of “DT-JOB_NONFARM-LRB”, and the statistical results do not pass the Sobel test. So, the impact path of “DT-JOB_NONFARM-LRB” is not statistically valid. Therefore, we can consider that JOB_NONFARM is not able to independently play a mediating effect in the process of DT‘s impact on LRB, but JOB_NONFARM can play a significant mediating effect after the first transmission through DEPENDENCY. Up to this point, hypothesis 3 is verified.




4.2. Analysis of DT_GAP’s Impact Paths on LRB


The DT_GAP is the major manifestation of the information exclusion effect, which emerged during the development of DT.



Table 6 reports test results of DT_GAP’s impact on LRB. Similarly, the strategy of sequentially placement of control variables and regional variables are also used to test the impact of DT_GAP on LRB. At the 1% significance level, DT_GAP has a significant negative effect on LRB is reported in columns (1)–(3). Further, the mean value of DT_GAP within the community (excluding the sample itself) as IV is used to construct the IV-Probit model, and the parameters associated with the selected IV passed the test. The test results of the IV-Probit model are reported in column (4), which are consistent with the results reported in columns (1)–(3). In summary, from the test results of benchmark model and IV model, the significant negative effect of DT_GAP on LRB is confirmed. To this point, hypothesis 2 is verified.



Refer to the CMM model used in impact path of DT on LRB. Similarly, CMM model for the impact of DT_GAP on LRB is constructed. Table 7 reports the results of DT_GAP’s impact on LRB in CMM model. From the test results in column (1), DT_GAP has a significant negative effect on LRB, which is consistent with the test results above. The test result of the significant negative effect of DT_GAP on DEPENDENCY is reported in column (2). At the 5% significance level, the test results in column (3) show that DT_GAP has no significant effect on JOB_NONFARM, and DEPENDENCY has a significant positive effect on JOB_NONFARM. In the test results in column (4), DT_GAP still has a significant negative effect on LRB, both of DEPENDENCY and JOB_NONFARM exert positive effect on LRB at the 10% and 1% significance levels. Based on all test results in Table 7, DT_GAP reduce the probability of LRB by weakening DEPENDENCY is confirmed.



Meanwhile, DT_GAP decrease DEPENDENCY, then DEPENDENCY decrease probability of JOB_NONFARM, ultimately JOB_NONFARM decrease the probability of LRB. Further, the Sobel test reveals that JOB_NONFARM cannot play an independent mediating effect in the process of DT_GAP’ impact on LRB, the mediating effect of JOB_NONFARM must rely on DEPENDENCY to be realized. To this point, hypothesis 4 is verified.




4.3. Heterogeneity Analysis: Impact of DT and DT_GAP on LRB


Based on the empirical analysis above, we have interpreted and verified how the information sharing effect of DT exerts a positive impact on LRB and how the information exclusion effect of DT_GAP exerts a negative impact on LRB. Further, for a more comprehensive understanding of the impact of DT and DT_GAP on LRB. We explored the effects of DT and DT_GAP on LRB from the perspective of heterogeneity in regional, age of householder, and household income levels.



Firstly, we examined the impact of DT and DT_GAP on LRB from the perspective of regional heterogeneity. The results of the impact of DT and DT_GAP on LRB from regional heterogeneity perspective are reported in Table 8. The test results show that DT and DT_GAP exert significant effects on LRB in the eastern, central, and western regions, with DT exerting a positive effect and DT_GAP exerting a negative effect. In contrast, in the northeast region, both DT and DT_GAP do not pass the significance test on LRB. From the group regression results, the impact of DT on LRB and DT_GAP on LRB differ between regions at the significance level and extent. However, the differences test does not pass the significance test. Therefore, we can consider that the impact of DT on LRB and DT_GAP on LRB is not significantly different between regions. However, the test of regional grouped regression is not useless. It still illustrates the robustness of the positive effect of DT on LRB and the negative impact of DT_GAP on LRB.



Secondly, we examined the impact of DT and DT_GAP on LRB from the perspective of householder‘s age heterogeneity. Table 9 reports the test results of the impact of DT and DT_GAP on LRB from the perspective of householder‘s age heterogeneity. We divided the age of householder in all samples into four groups: under-30 years old, 30 to 50 years old, 50 to 70 years old, and over-70 years old. Neither DT nor DT_GAP exert a significant effect on LRB in the regressions for the under-30 and over-70 age groups.



From the results of DT’s impact on LRB reported in columns (1)–(3). DT does not exert a significant effect on LRB in the subgroup under-30 years old. The marginal effect of the positive effect of DT on LRB reaches 0.043 in the subgroup regression of 30 to 50 years old. In the subgroup regression of 50–70 years old, the marginal effect of the positive effect of DT on LRB reaches 0.045. Therefore, we conclude that the positive effect of DT on LRB progressively decreases as the age of householder increases in the sample of 30–70 years old.



From the results of impact of DT_GAP on LRB reported in columns (5)–(7). The test results show that DT_GAP does not play a significant effect on LRB in the grouping of under-30. In the subgroup regression of 30 to 50 years old, the marginal effect of the negative effect of DT_GAP on LRB reaches 0.009. In the subgroup regression of 50–70 years old, the marginal effect of DT_GAP on LRB reaches 0.012. Therefore, we conclude that in the sample below 70 years old, as the age of householder increases, the negative effect of the impact of DT_GAP on LRB gradually elevated. Meanwhile, the both of differences tests pass the significance test at the 5% level, indicating that the changes in the effects of DT and DT_GAP on LRB are statistically significant in different householder’s age groups.



Thirdly, we examined the impact of DT and DT_GAP on LRB from the perspective of household income level heterogeneity. Table 10 reports the test results of DT’s and DT_GAP’s impact on LRB from the perspective of household income level heterogeneity. According to the data distribution of the PINCOME_F of all samples, we defined income of households below the 25% quantile as low-income households and income of households above the 75% quantile as high-income households.



Columns (1) and (2) report the impact of DT on LRB with different income level, and the test results show that DT has a more positive effect on LRB of low-income level households compared to high-income. Columns (3) and (4) report the impact of DT_GAP on LRB of households with different income level, and the test results show that DT_GAP has a more negative effect on LRB of low-income level households compared to high-income level households. These results pass the difference test at the 1% significance level. Therefore, we conclude that the information sharing effect of DT is significantly pro-poor, but the information exclusion effect of DT_GAP on low-income households also has a significant preference.





5. Discussion and Conclusions


5.1. Discussion


Digital technologies (e.g., internet, blockchain, etc.) can provide a positive role in facilitating transactions in land, real estate, etc. [58,59]. However, the application of DT in land rental transaction market is still limited in developing countries or regions. Our research, based on a large dataset in China, finds that DT can significantly increase the probability of LRB for farmers (6.5%). It provides new empirical evidence that the application of DT can play the positive role in the process of land rental.



Existing studies have confirmed that Internet use can facilitate famer’s land rental behavior, but there are shortcomings of small dataset and insufficient interpretation of the impact paths. A very important finding in our research is that JOB_NONFARM and DEPENDENCY are mediating variables for the impact of DT on LRB, and JOB_NONFARM needs to rely on DEPENDENCY to exert the mediating effect but cannot exert independently, i.e., path of “DT-DEPENDENCY-JOB_NONFARM-LRB” is feasible, but path of “DT -JOB_NONFARM-LRB” is not. In other words, the conclusion of previous studies that DT can directly impact land rental behavior through JOB_NONFARM is inaccurate or biased [29]. So, our research is based on a large dataset (n = 5233) and fully interprets how DT impacts LRB, improving on the shortcomings of existing studies.



In addition, we focus on the negative effect brought by DT, or namely the information exclusion effect brought by DT_GAP. Our empirical results confirm that DT_GAP has a negative effect on LRB, which means that DT_GAP produces information exclusion and is detrimental to the formation of an efficient land rental market. It compensates for the shortcoming that existing studies have not focused on DT_GAP’s impact on land rental behavior.



The results of the heterogeneity analysis showed that youngers are able to promote LRB more effectively with DT (compared to elders), and information exclusion with DT_GAP appeared to be more effective in elders. The results of such a test fully demonstrate that DT has produced an information exclusion effect on the elderly. It reflects the fact that the aging DT_GAP has become an important manifestation of the DT_GAP [34,60]. Although DT has a positive impact on LRB of low-income groups, it is interesting to note that DT_GAP also has more negative impact on LRB of low-income groups (compared to high-income groups). Such results suggest that DT does mitigate the position of low-income groups in the information market, but it is undeniable that more low-income groups may be informationally deprived due to information asymmetry [61].



The negative impact of DT’s information exclusion effect on the elderly and low-income groups are only parts of many negative effects. As DT_GAP continues to expand, the phenomenon of new social exclusions may be derived [38,62].



Our research findings have implications for policy formulation. On the one hand, the government should promote the digitization of the land rental market to facilitate the efficient allocation of land resources and reduce the rate of land abandonment. On the other hand, the government should improve internet quality (e.g., broadband access rates, etc.), promote internet coverage, especially expand mobile internet coverage in remote rural areas (e.g., 4G and 5G communication base stations, etc.), and optimize the adaptation of digital applications between different groups, with particular attention to the digital divide of the ageing.



However, there are still certain shortcomings in our research. DT measurement variables are limited by data availability, and the measurement variables of DT and DT_GAP are highly homogeneous, which makes it difficult to interpret the net effect of DT’s and DT_GAP’s impact on LRB. In addition, we only use DEPENDENCY and JOB_NONFARM as mediating variables to interpret the impact path of DT and DT_GAP on LRB, it still needs to be strengthened. To this end, further exploring the net effect of DT and DT_GAP on LRB, and the more comprehensive impact path of DT and DT_GAP on land rental behavior (including rent out and rent in) are the next research that needs to focus on.




5.2. Conclusions


Our empirical results validate Hypotheses 1–4, which we propose based on our theoretical analysis. Overall, the findings of our study can be summarized in three points.



First, we found that the information sharing effect of DT exerts a significant positive impact on LRB, while the information exclusion effect of DT_GAP exerts a significant negative effect on LRB.



Second, another important finding is that JOB_NONFARM and DEPENDENCY are mediating variables in process of DT’s and DT_GAP’s impact on LRB, but JOB_NONFARM needs to rely on the transmission of DEPENDENCY to exert a mediating effect and does not exert independently.



Third, the impact of DT on LRB has a clear preference for lower age groups (30–70 age range) as well as a preference for lower income. However, the effect of DT_GAP on LRB has a clear preference for higher age groups (lower-70 age range) as well as a preference for lower income.
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Figure 1. Theoretical analysis framework diagram: impact of DT on LRB. 
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Figure 2. Schematic diagram of the CMM model. 
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Table 1. Variables, definitions, and descriptive statistics.
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	Variables (n = 5233)
	Definition
	Mean
	Std. Dev. 1





	LRB
	Whether the Interviewed household has LRB; 1 = yes, 0 = no
	0.155
	0.362



	DT
	1 = using the Internet; 0 = not using the Internet
	0.219
	0.414



	AGE
	Age of the householder (years)
	51.975
	13.547



	GENDER
	Gender of householder, 1 = male, 0 = female
	0.563
	0.496



	HEALTH
	Self-reported health of householder: from 1 = very healthy to 5 = very unhealthy
	3.230
	1.261



	EDUCATION
	Years of education of householder
	6.127
	4.213



	PARTY
	Householder’s political identity as a member of the Communist Party of China, 1 = yes, 0 = no
	0.077
	0.267



	AGE_F
	Average age of household members (years)
	48.567
	12.488



	HEALTH_F
	Average self-reported health of family members: from 1 = very healthy to 5 = very unhealthy
	3.129
	0.966



	EDUCATION_F
	Average education of family members
	6.078
	3.445



	MARRY
	1 = married; 0 = other
	0.869
	0.338



	FAMILYSIZE
	Number of family members (living together)
	4.101
	1.999



	PINCOME_F
	Family net income per capita (logarithmic processing, yuan 2)
	8.641
	1.181



	JOB_NONFARM
	Household members engage in non-farm jobs, 1 = yes, 0 = no
	0.720
	0.449



	DEPENDENCY
	Dependence on Internet information channels: from 1 = unimportant to 5 = very important
	1.829
	1.353



	DT_LEARNING
	Frequency of using the Internet for learning, from 0 = infrequently to 7 = always
	0.589
	1.513



	DT_WORKING
	Frequency of using the Internet for working, from 0 = infrequently to 7 = always
	0.471
	1.340



	DT_SOCIAL
	Frequency of using the Internet for social interaction, from 0 = infrequently to 7 = always
	1.166
	2.443



	DT_ENTERTAINMENT
	Frequency of using the Internet for entertainment, from 0 = infrequently to 7 = always
	1.035
	2.234



	DT_TRADE
	Frequency of using the Internet for business activities, from 0 = infrequently to 7 = always
	0.429
	1.095



	EASTERN 3
	1 = interviewed household is located in eastern China region, 0 = otherwise
	0.245
	0.430



	CENTRAL
	1 = interviewed household is located in central China region, 0 = otherwise
	0.265
	0.441



	WESTERN
	1 = interviewed household is located in the western China region, 0 = otherwise
	0.367
	0.482







1 Std. Dev. refers to standard deviation. 2 Yuan is the Chinese currency: 1 USD = 6.49 Yuan (31 December 2015 onshore CNY closing price from Forex Capital Markets. New York). 3 According to the classification method of the National Bureau of Statistics of China, the provincial administrative regions of mainland China are divided into eastern, central, western, and northeastern regions. The eastern part includes Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong, and Hainan; The central part includes Shanxi, Anhui, Jiangxi, Henan, Hubei, and Hunan; The western part includes Inner Mongolia, Guangxi, Chongqing, Sichuan, Guizhou, Yunnan, Tibet, Shaanxi, Gansu, Qinghai, Ningxia, and Xinjiang; The northeast part includes Liaoning, Jilin, and Heilongjiang.













[image: Table] 





Table 2. Relevant test values for the PCA process.






Table 2. Relevant test values for the PCA process.





	Factors
	Eigenvalue
	Proportion
	Cumulative





	Factor1
	4.689
	0.782
	0.782



	Factor2
	0.522
	0.087
	0.868



	Factor3
	0.298
	0.050
	0.918



	Factor4
	0.245
	0.041
	0.959



	Factor5
	0.155
	0.026
	0.985



	Factor6
	0.091
	0.015
	1.000



	Variables
	Factor1
	Factor2
	Uniqueness



	DT
	0.930
	−0.177
	0.103



	DT_LEARNING
	0.814
	0.217
	0.291



	DT_WORKING
	0.770
	0.280
	0.329



	DT_SOCIAL
	0.911
	−0.183
	0.136



	DT_ENTERTAINMENT
	0.891
	−0.170
	0.177



	DT_TRADE
	0.834
	0.109
	0.292
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Table 3. The impact of DT on LRB: benchmark model test results.






Table 3. The impact of DT on LRB: benchmark model test results.





	
Variables

	
Benchmark Model: Probit




	
(1)

	
(2)

	
(3)

	
(4)






	
DT

	
0.119 **

	
0.304 ***

	
0.289 ***

	
0.065 ***




	

	
(0.050)

	
(0.064)

	
(0.064)

	
(0.014)




	
AGE

	

	
0.011 ***

	
0.010 ***

	
0.002 ***




	

	

	
(0.003)

	
(0.003)

	
(0.001)




	
GENDER

	

	
−0.143 ***

	
−0.140 ***

	
−0.032 ***




	

	

	
(0.047)

	
(0.048)

	
(0.011)




	
HEALTH

	

	
−0.009

	
−0.010

	
−0.002




	

	

	
(0.027)

	
(0.028)

	
(0.006)




	
EDUCATION

	

	
0.006

	
0.006

	
0.001




	

	

	
(0.009)

	
(0.010)

	
(0.002)




	
PARTY

	

	
0.053

	
0.051

	
0.011




	

	

	
(0.081)

	
(0.082)

	
(0.018)




	
AGE_F

	

	
0.008 ***

	
0.008 **

	
0.002 **




	

	

	
(0.003)

	
(0.003)

	
(0.001)




	
HEALTH_F

	

	
0.091 **

	
0.094 **

	
0.021 **




	

	

	
(0.036)

	
(0.036)

	
(0.008)




	
EDUCATION_F

	

	
0.013

	
0.009

	
0.002




	

	

	
(0.012)

	
(0.012)

	
(0.003)




	
MARRY

	

	
−0.333 ***

	
−0.344 ***

	
−0.078 ***




	

	

	
(0.060)

	
(0.060)

	
(0.014)




	
FAMILYSIZE

	

	
−0.019

	
−0.024*

	
−0.005 *




	

	

	
(0.012)

	
(0.012)

	
(0.003)




	
PINCOME_F

	

	
0.113 ***

	
0.104 ***

	
0.024 ***




	

	

	
(0.020)

	
(0.020)

	
(0.005)




	
EASTERN

	

	

	
0.229 ***

	
0.052 ***




	

	

	

	
(0.076)

	
(0.017)




	
CENTRAL

	

	

	
0.292 ***

	
0.066 ***




	

	

	

	
(0.076)

	
(0.017)




	
WESTERN

	

	

	
0.041

	
0.009




	

	

	

	
(0.078)

	
(0.018)




	
N

	
5233

	
5233

	
5233

	
5233








Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table 4. Robustness test results for DT’s impact on LRB.






Table 4. Robustness test results for DT’s impact on LRB.





	
Variables

	
RBP Model

	
Probit Model

	
IV-Probit Model




	
(1)

	
(2)

	
(3)

	
(4)

	
(5)






	
DT

	

	
0.031 ***

	

	

	




	

	

	
(0.005)

	

	

	




	
DT_Mean

	
0.728 ***

	

	

	

	




	

	
(0.126)

	

	

	

	




	
DT_PCA

	

	

	
0.065 ***

	
0.189 ***

	
0.193 ***




	

	

	

	
(0.014)

	
(0.036)

	
(0.038)




	
Control variables

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Regional control

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Parameter: athrho

	
−0.328 ***

	
/

	
/

	
/




	

	
(0.084)

	
/

	
/

	
/




	
Wald test of exogeneity

	
/

	
/

	
12.95 ***

	
/




	
Wald F Statistics

	
/

	
/

	
289.93

	
/




	
N

	
5233

	
5233

	
5233

	
5233

	
5233








Standard errors in parentheses. *** p < 0.01. The IV-Probit model test results are obtained by a two-stage estimation method, column (3) reports the result of second stage. The marginal effect results of column (4) are reported in column (5). “Wald test of exogeneity” passes the significance test, indicating that the model rejects the original hypothesis that the explanatory variables are exogenous, meaning that the IV has strong explanatory power [55]. “Wald F” test value greater than 10, indicates that the IV is not weak [56].
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Table 5. Results of CMM model of DT’s impact on LRB.
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Variables

	
LRB

	
DEPENDENCY

	
JOB_NONFARM

	
LRB




	
(1)

	
(2)

	
(3)

	
(4)






	
DT

	
0.289 ***

	
1.393 ***

	
0.073

	
0.208 ***




	

	
(0.064)

	
(0.049)

	
(0.084)

	
(0.076)




	
DEPENDENCY

	

	

	
0.042 *

	
0.045 **




	

	

	

	
(0.024)

	
(0.022)




	
JOB_NONFARM

	

	

	

	
0.273 ***




	

	

	

	

	
(0.066)




	
Control variables

	
YES

	
YES

	
YES

	
YES




	
Regional control

	
YES

	
YES

	
YES

	
YES




	
N

	
5233

	
5233

	
5233

	
5233








Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. Based on the data distribution characteristics of the explanatory variables, columns (1), (2), and (4) are estimated using the Probit model, and column (3) is estimated using the Ordered Probit model.
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Table 6. Results of the DT_GAP’s impact on LRB.






Table 6. Results of the DT_GAP’s impact on LRB.





	
Variables

	
Probit Model

	
IV-Probit Model




	
(1)

	
(2)

	
(3)

	
(4)






	
DT_GAP

	
−0.033 ***

	
−0.069 ***

	
−0.065 ***

	
−0.189 ***




	

	
(0.010)

	
(0.014)

	
(0.014)

	
(0.036)




	
Control variables

	
NO

	
Yes

	
Yes

	
Yes




	
Regional control

	
NO

	
NO

	
Yes

	
Yes




	
Wald test of exogeneity

	

	

	
13.07 ***




	
Wald F

	

	

	
289.93




	
N

	
5233

	
5233

	
5233

	
5233








Standard errors in parentheses. *** p < 0.01. “Wald test of exogeneity” passes the significance test, indicating that the model rejects the original hypothesis that the explanatory variables are exogenous, meaning that the IV has strong explanatory power [55]. “Wald F” test value greater than 10, indicates that the IV is not weak [56].
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Table 7. Results of CMM model of DT_GAP’s impact on LRB.






Table 7. Results of CMM model of DT_GAP’s impact on LRB.





	
Variables

	
LRB

	
DEPENDENCY

	
JOB_NONFARM

	
LRB




	
(1)

	
(2)

	
(3)

	
(4)






	
DT_GAP

	
−0.065 ***

	
−0.313 ***

	
0.005

	
−0.051 ***




	

	
(0.014)

	
(0.011)

	
(0.019)

	
(0.016)




	
DEPENDENCY

	

	

	
0.056 **

	
0.040 *




	

	

	

	
(0.024)

	
(0.022)




	
JOB_NONFARM

	

	

	

	
0.280 ***




	

	

	

	

	
(0.066)




	
Control variables

	
YES

	
YES

	
YES

	
YES




	
Regional control

	
YES

	
YES

	
YES

	
YES




	
N

	
5233

	
5233

	
5233

	
5233








Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. Based on the data distribution characteristics of the explanatory variables, columns (1), (2), and (4) are estimated using the Probit model, and column (3) is estimated using the Ordered Probit model.
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Table 8. Regional heterogeneity: test results of the impact of DT & DT_GAP on LRB.
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Variables

	
Eastern

	
Central

	
Western

	
Northeast




	
(1)

	
(2)

	
(3)

	
(4)






	
DT

	
0.407 ***

	
0.320 ***

	
0.259 **

	
0.017




	

	
(0.123)

	
(0.118)

	
(0.115)

	
(0.196)




	
Control variables

	
Yes

	
Yes

	
Yes

	
Yes




	
Regional control

	
No

	
No

	
No

	
No




	
Differences test

	
3.08




	
N

	
1282

	
1385

	
1918

	
648




	
Variables

	
Eastern

	
Central

	
Western

	
Northeast




	
(5)

	
(6)

	
(7)

	
(8)




	
DT_GAP

	
−0.066 ***

	
−0.090 ***

	
−0.050 **

	
−0.024




	

	
(0.026)

	
(0.025)

	
(0.025)

	
(0.045)




	
Control variables

	
Yes

	
Yes

	
Yes

	
Yes




	
Regional control

	
No

	
No

	
No

	
No




	
Differences test

	
2.04




	
N

	
1282

	
1385

	
1918

	
648








Standard errors in parentheses. ** p < 0.05, *** p < 0.01. The Probit model is applied to columns (1)–(8). “Differences test” uses method of seemingly unrelated regression (SUR), see Greene (2003) for the details of the method [57].
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Table 9. Age of householder heterogeneity: test results of the impact of DT & DT_GAP on LRB.






Table 9. Age of householder heterogeneity: test results of the impact of DT & DT_GAP on LRB.





	
Variables

	
Age < 30

	
30 ≤ Age < 50

	
50 ≤ Age < 70

	
Age ≥ 70




	
(1)

	
(2)

	
(3)

	
(4)






	
DT

	
0.174

	
0.223 **

	
0.205 *

	
0.000




	

	
(0.257)

	
(0.090)

	
(0.117)

	
(.)




	
Control variables

	
Yes

	
Yes

	
Yes

	
Yes




	
Regional control

	
Yes

	
Yes

	
Yes

	
Yes




	
Differences test

	
10.05 **




	
N

	
361

	
1841

	
2523

	
505




	
Variables

	
age < 30

	
30 ≤ age < 50

	
50 ≤ age < 70

	
age ≥ 70




	
(5)

	
(6)

	
(7)

	
(8)




	
DT_GAP

	
−0.028

	
−0.045 **

	
−0.056 **

	
0.000




	

	
(0.041)

	
(0.020)

	
(0.029)

	
(.)




	
Control variables

	
Yes

	
Yes

	
Yes

	
Yes




	
Regional control

	
Yes

	
Yes

	
Yes

	
Yes




	
Differences test

	
9.67 **




	
N

	
361

	
1841

	
2523

	
505








Standard errors in parentheses. * p < 0.1, ** p < 0.05. The marginal effects of DT on LRB in columns (2) and (3) are 0.043 ** (0.018) and 0.045 * (0.026), respectively. The marginal effects of DT_GAP on LRB in columns (2) and (3) are −0.009 ** (0.004) and −0.012 ** (0.006), respectively. The Probit model is applied to columns (1)–(8). “Differences test” uses method of seemingly unrelated regression (SUR), see Greene (2003) for the details of the method [57].
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Table 10. Household income level heterogeneity: test results of the impact of DT & DT_GAP on LRB.






Table 10. Household income level heterogeneity: test results of the impact of DT & DT_GAP on LRB.





	
Variables

	
Low-Income

	
High-Income

	
Low-Income

	
High-Income




	
(1)

	
(2)

	
(3)

	
(4)






	
DT

	
0.513 ***

	
0.139

	

	




	

	
(0.166)

	
(0.110)

	

	




	
DT_GAP

	

	

	
−0.128 ***

	
−0.013




	

	

	

	
(0.039)

	
(0.022)




	
Control variables

	
Yes

	
Yes

	
Yes

	
Yes




	
Regional control

	
Yes

	
Yes

	
Yes

	
Yes




	
Differences test

	
3.64 *

	
6.89 ***




	
N

	
1308

	
1308

	
1308

	
1308








Standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. The marginal effects of DT on LRB in columns (1) and (2) are 0.095 ** (0.031) and 0.037(0.029), respectively. The marginal effects of DT_GAP on LRB in columns (3) and (4) are −0.024 *** (0.007) and −0.004 (0.006), respectively. The Probit model is applied to columns (1)-(8). “Differences test” uses method of seemingly unrelated regression (SUR), see Greene (2003) for the details of the method [57].
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