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Abstract

:

Fertigation technology is key to solve water pollution and inefficient fertilizer use. However, some early techniques cannot adapt to the current situation of labor shortages and large-scale planting. Therefore, it is necessary to consider farmers’ willingness to adopt more adaptive techniques. Specifically, we focus on whether early technology adoption will hinder technology renewal and whether the factors affecting the adoption of early and latest techniques are consistent. Through theoretical analysis and a survey, we find that farmers’ endowments such as income and labor force only affect the adoption intentions to the high-cost technique (Intelligent Irrigation Control System), but not early techniques (Venturi injector and Differential pressure tank), while farmers’ information processing ability and information acquisition channels affect both. Finally, the results of Propensity Score Matching show that early technology adoption will not become an obstacle to technology renewal.
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1. Introduction


The inefficient use of chemical fertilizer has always been a major cause of agricultural environmental pollution [1,2], and fertigation is regarded as an effective solution [2]. According to Fan et al. [3], fertigation can keep the output unchanged, while saving 30–50% fertilizers and 50% water. Because of its significant advantages, some farmers have adopted simple fertigation techniques, such as the Venturi injector. However, for various reasons, these techniques have not been fully popularized [4].



In recent years, with the advancement of urbanization and land marketization, labor shortages and large-scale planting have become new characteristics of China’s agriculture [4,5,6]. Early fertigation techniques are not well adapted to these characteristics because of their small applicable area, artificial errors, and labor demand [7]. Lu and Xie found that a labor shortage can exacerbate agricultural non-point source pollution caused by chemical fertilizer [5]. Additionally, a larger planting scale requires more efficient and labor-saving agricultural technologies [8]. Therefore, with as advantages its labor-saving characteristics and large-scale application, the Intelligent Irrigation Control System (IICS) has become a possible solution [9]. In view of China’s support for digital agriculture and the development of IICS, how to improve the adoption of it is an important topic [10].



Because of the inconsistency of the adoption of fertigation technologies among farmers, relevant studies have widely investigated the role of farmers’ heterogeneity. For example, Yang et al. found that high-income and young farmers have higher adoption rates of fertigation techniques [11], and credit markets and subsidies can weaken these effects [12]. The lack of understanding and application ability of technology also hinders farmers’ adoption [13]. In addition, age, gender, education, and other demographic characteristics also affect the adoption of fertigation techniques [14,15]. At present, with the enrichment of relevant research, factors have expanded to psychological factors, such as environmental attitude [1,16,17]. In general, regardless of the factors studied, most of the current research focuses on linear technology renewal, that is, in all papers, farmers are at the same technical level before adopting the new technology.



However, an easily overlooked problem is whether farmers are really at the same initial technical level. In China and other countries with slow agricultural development, due to the rapid renewal of technology, there may be intergenerational differences in the technologies currently adopted by farmers [18]. Not all farmers have adopted the early fertigation techniques. Those farmers who adopt these techniques have paid “sunk costs”, which may reduce their expected benefits of adopting the latest technology. This will lead to the possibility that the government needs to specifically subsidize these farmers.



In addition, because the policies required for different technologies may be different, and there is policy conversion cost, some scholars have studied the role of farmers’ heterogeneity in different technologies [19]. However, there are great differences in the technologies they have studied. For example, Mao et al. [20] studied how farmers make decisions when facing multiple green production technologies. Moreover, while, according to the definition of Garcia and Calantone, even compared to earlier technologies, IICS has a higher cost and less labor demand, it still belongs to the same kind of technology, named continuous innovations [21,22]. The comparative analysis of these technologies needs to be further explored. This will help governments determine whether to retain the original policies or develop new policies. Therefore, this paper focuses on two questions: (1) whether the factors affecting farmers’ adoption of these two types of techniques are the same; (2) whether the adoption of early techniques will affect farmers’ adoption of IICS.



There are limitless factors affecting farmers’ adoption, and it is impossible to investigate them all. Therefore, we divide the factors into two categories according to different research priorities and some review researches [23]. Some scholars believe that the cognitive differences between farmers and experts on technology will affect the adoption [24,25,26,27]. They believe that the lack of knowledge and skills is a major obstacle to the adoption of this technology, and information dissemination and training are key [26]. For example, Nakano et al. found that the adoption rate increased after training, and untrained farmers also gradually learned from the adopted farmers [27]. We classify these factors as farmers’ understanding, reflecting the gap between farmers’ and technology developers’ understanding and use of technology. Factors such as education, age, location in social networks, and connections with agro-promoters have been proved to have significant impacts on farmers’ understanding of technology, thus affecting farmers’ intentions [28].



Other scholars emphasize the importance of cost–benefit [29,30]. Due to the heterogeneity of farmers, the benefits of adopting the same technology are also different [29]. This kind of factor is farmers’ endowment, which determines whether the technology is suitable for the specific farmer, and ultimately affects their adoption intentions [17]. We will not consider other factors, such as environmental attitudes [1], as the two types of techniques are similar.



Takahashi et al. [31] indicated that whether technology can bring about significant revenue growth is the first thing to consider. Therefore, based on the previous research [32,33], we establish a theoretical model to analyze the expected benefits of two types of technology adoption. We first consider the impact of factor endowment under complete information. Then, regarding famers’ understanding as a coefficient, we multiplied the returns to determine the expected benefit [32,33]. Moreover, we discuss the impact of adopting early technologies. Empirically, we used the data of vegetable farmers in Shaanxi Province, China to verify our analysis. Furthermore, we use Logit Regression and Propensity Score Matching (PSM) to analyze the two questions we proposed above.



The rest of this article is structured as follows. We first propose a theoretical model of adoption intentions subject to famers’ understanding and factor endowments in Section 2. Then, we describe the data and methods used in Section 3. Furthermore, we present the main results and findings by the ordinal logistic regression and PSM in Section 4. In Section 5, we discuss the results and sum up our work.




2. Model and Deduction


This section aims to answer the above two questions from a theoretical level. As mentioned above, because the techniques belong to continuous innovation, the action mechanism of farmers’ heterogeneity is relatively similar, which needs to be quantified to compare their differences. Referring to the existing research [32,33], which states that farmers’ behavior depends on the comparison of benefits before and after technology adoption, we quantified the differences with the help of economic models. We used an expected benefit model to compare the income difference between three types of technologies, i.e., surface fertilization, early fertigation techniques, and IICS, and put forward our hypothesis.



2.1. Investment Return Curve of Technology Adoption


Firstly, to simplify the model, we transformed the return on technology adoption into a marginal return curve varying with input, which will help us discuss the role of endowments and credit markets below. For any technology  f , the benefits of adopting it     H     are:


  H = p f  (  K , L , m  )  − c m  



(1)




where  p  denotes the price of products,  m  denotes the land scale,  c  denotes the input per unit of land,  K  and  L  represent the capital and labor input, respectively, and   c m = K + ω L  , where  ω  reflects the price of labor. In this work, we ignore the fixed costs because fixed investment is generally provided by local governments, which will complicate the model. In addition, some other studies have also ignored them [32,33].



Frist, under the condition of constant return to scale, we can get:


  h = p f  (  k , l  )  − c  



(2)




where lower case letters  h ,    k  , and     l   indicate the profit, required labor, and capital per unit, respectively. For each fixed  c  (  c = ω l + k  ), the goal of profit maximization can be expressed as:


    max   l , k   f  (  k , l  )  ,     s . t . c = ω l + k  



(3)







This means that for a typical concave and continuous production function, under a given total input  c , there exists an optimal input ratio of capital and labor to maximize output. Therefore, the goal of profit maximization under variable input is:


    max  c   (  p f  ( c )  − c  )  .  



(4)







 h  can be expressed as:


  h = p f  ( c )  − c  



(5)







We used  r  to express the yield, and the corresponding marginal profit rate curves are:


  r  ( c )  =   ∂ p f  ( c )    ∂ c   − 1  



(6)







As shown in Figure 1, due to the decreasing marginal return, the marginal profit margin curve may arise in the initial stage, and then generally decline. This means that with the continuous increase of investment, even if the capital labor-input ratio is optimal, the marginal rate of return will still gradually decline. Agricultural production is usually located in the area where the marginal rate of return decreases. Therefore, the adoption of new techniques can be regarded as an investment behavior, and farmers are facing an income curve with a declining marginal return. This part is similar to the introduction of the marginal return curve in economics textbooks [34].




2.2. The Role of Borrowed Funds


When farmers invest only with their own labor and capital, for their different endowments, their marginal rates of return are not equal. This is consistent with those studies that do not consider the role of credit markets [11]. However, as Magruder [12] pointed out, credit markets can reduce the impact of capital constraints. When farmers can borrow funds to adopt, their marginal return must be equal to the use cost of funds. We assume that the initial endowment is    e 0   , the deposit interest rate is    i d   , and the loan interest rate is    i l   .



For surface fertilization    f 1   , where farmers do not need to borrow funds, the investment    c 1 *    and corresponding profit    h 1    are:


    r 1   (   c 1 *   )  =   ∂ p  f 1   (   c 1 *   )    ∂  c 1 *    − 1 =  i d    ,    h 1  = p  f 1   (   c 1 *   )  −  c 1 *  +  (   e 0  −  c 1 *   )   i d    



(7)







For early fertigation techniques    f 2   , where farmers do not need to borrow funds (   e 0  >  c 2 *   ), the investment    c 2 *    and corresponding profit    h 2    are:


   r 2   (   c 2 *   )  =   ∂ p  f 2   (   c 2    *   )    ∂  c 2    *    − 1 =  i d  ,    h 2  = p  f 2   (   c 2 *   )  −  c 2 *  +  (   e 0  −  c 2 *   )   i d   



(8)







The profit difference before and after the adoption of early fertigation techniques is:


  Δ h =  h 2  −  h 1  = p  [   f 2   (   c 2 *   )  −  f 1   (   c 1 *   )   ]  +  (   c 1 *  −  c 2 *   )   (  1 +  i d   )   



(9)







We can see that in Equation (9), is offset; moreover, farmers’ endowments will not affect the profit difference. As shown in Figure 2a, when    e 0  >  c 2 *   , no matter how    e 0    increases, the adoption income remains unchanged. However, for IICS,    f 2 ′   , where farmers need to borrow funds (   e 0  <  c 2  *     ′   ), the investment    c 2  *     ′    and corresponding profit    h 2 ′    are:


   r 2   (   c 2  *     ′   )  =   ∂ p    f 2 ′   (     c 2  *     ′   )    ∂    c 2  *     ′    − 1 =  i l  ,  h 2 ′  = p    f 2 ′   (   c 2  *     ′   )  −  c 2  *     ′  +  (   e 0  −  c 2  *     ′   )   i l   



(10)







The profit difference before and after the adoption is:


  Δ  h ′  = p  [   f 2 ′   (   c 2  *     ′   )  −  f 1   (   c 1    *   )   ]  +  c 1    *   (  1 +  i d   )  −  c 2  *     ′   (  1 +  i l   )  +  e 0   (   i l  −  i d   )   



(11)







We can see that in Equation (11), because of the interest rate spread,    e 0    is not offset. As shown in Figure 2b, when    e 0  <  c 2  *     ′   , the change of    e 0    will lead to the change of shadow  A . This shows that the role of farmers’ endowment depends on the adoption cost of technology. When farmers need to borrow funds to adopt technology, due to the high loan cost, farmers’ expected income will decline. The extent of decline depends on the number of access funds and ultimately on the endowment of farmers. Magruder [12] and Wossen et al. [35] believe that credit constraints can only reduce the role of capital constraints, not completely eliminate it, which is consistent with our research on the adoption of high-cost technology. Based on the above analysis, we obtain the first deduction.



Deduction 1.

Farmers’ endowments only affect the adoption of high-cost technologies, but not the adoption of low-cost technologies.






2.3. The Role of Famers’ Understanding


The implicit assumption of the above analysis is that farmers fully understand the two technologies, so they can make optimal production decisions. In reality, the impact of farmers’ perception of technology must be considered. Here, we assume that farmers fully understand surface fertilization (   f 1   ), but not the new techniques (   f 2    and      f 2 ′   ). Referring to the existing research [33], “  p g  ( m )   e ˜  −  (  w + r  )  m ≥ p f  ( m )  − r m  ”, we use the   e ˜   to express farmers’ understanding.



Therefore, the expected benefits of farmers’ adoption are as follows:


  E  (   h 2   )  =  e ˜   [  p  f 2   (   c 2 *   )  −  c 2 *   (  1 +  i d   )   ]  +  e 0   i d   



(12)




and:


  E  (   h 2 ′   )  =  e ˜   [  p  f 2 ′   (   c 2  *     ′   )  −  c 2  *     ′   (  1 +  i l   )   ]  +  e 0   i l   



(13)




The expected profit difference before and after adoption is:


  E  (  Δ h  )  =  e ˜   [  p  f 2   (   c 2 *   )  −  c 2 *   (  1 +  i d   )   ]  +  c 1 *  +  c 1 *   i d  − p  f 1   (   c 1 *   )   



(14)




or:


  E  (  Δ  h ′   )  =  e ˜   [  p  f 2 ′   (   c 2  *     ′   )  −  c 2  *     ′   (  1 +  i l   )   ]  +  c 1 *  +  c 1 *   i d  − p  f 1   (   c 1 *   )  +  e 0   (   i l  −  i d   )   



(15)







We can see that in Equations (14) and (15), regardless of the cost, farmers’ understanding still has an impact on the expected income, and then affects the willingness of technology adoption. This is consistent with the research of Suvedi et al. [13] and Nakano et al. [27], who showed that richer information channels and higher information processing capacity can improve farmers’ willingness to adopt. Thus, we obtain the second deduction.



Deduction 2.

Farmers’ understanding of technology always affects their adoption of different cost technologies.






2.4. Impact of Early Technology Adoption


Here, we consider a common situation. An early low-cost technology    f 2    (   e 0  >  c 2 *   ), different from surface fertilization (   f 1   ), has been adopted by some farmers, and new high-cost technology,    f 2 ′    (   e 0  <  c 2  *     ′  )  , has matured.



The expected benefits of farmers who have adopted early techniques to update technology are represented by    h 2 ′  −  h 2   , while for those who have not adopted, the expected benefits are represented by    h 2 ′  −  h 1  .   Therefore, the expected profit difference between farmers who adopt early techniques and those not,   E  (  Δ  h ″   )   , is:


  E  (  Δ  h ″   )  =  (   h 2 ′  −  h 1   )  −  (   h 2 ′  −  h 2   )  =  h 2  −  h 1  = E  (  Δ h  )   



(16)







Therefore:


  E  (  Δ  h ″   )  =  e ˜   [  p  f 2   (   c 2 *   )  −  c 2 *   (  1 +  i d   )   ]  +  c 1 *  +  c 1 *   i d  − p  f 1   (   c 1 *   )   



(17)







For   E  (  Δ  h ″   )  = E  (  Δ h  )  > 0  , the increase in benefits for farmers who adopt early techniques is smaller. Moreover, the implication of this is that when farmers are early adopters of a technique, the expected income of them from adopting a new technique will decline, and thus, the willingness to adopt the new technique will also decline. In addition, Equation (17) can be understood as a “sunk cost”, and it will reduce the willingness to convert technology [36]. Therefore, we obtain the third deduction.



Deduction 3.

Farmers’ adoption of early technology will lower their adoption intentions to new technology.





In this paper, with the help of the economic model, we were able to quantify the difference in expected returns of farmers adopting similar technologies. Compared with the existing literature [32,33], we used the marginal return to simplify the derivation process, and focused on the role of farmers’ endowment. We also used figures to show the Deductions more clearly. Finally, aiming at the problems raised in the introduction, we were able to draw three inferences.





3. Data


3.1. Research Area


Our research sites are Yangling District and Jingyang County of Shaanxi Province, one of the main vegetables producing areas in Northwest China [37]. Yangling District is China’s agricultural high-tech demonstration zone, with many agricultural high-tech enterprises and demonstration bases. As for Jingyang County, according to the government report, the vegetable output of it reached 1.82 million tons, with an output value of about 1.84 billion RMB in 2019 [38]. We selected two main vegetable producing towns in Jingyang County, Yunyang town and Anwu town, as well as Yangling District as the research locations, which are shown in Figure 3.




3.2. Sampling Survey


The survey time we chose is January 2020, when most farmers had returned to the village, to avoid the problem of insufficient interviewees. Then, before the formal investigation, we first learned about the village level division of each region, and randomly selected 19 villages, with an average of 6–7 villages in each region. After that, with the help of local governments, we obtained basic information of the villagers, such as gender and age, and determined the interviewees before the meeting. In total, 30–35 interviewees were randomly selected from each village. Finally, 353 questionnaires were collected, including 330 valid questionnaires. Of these, 94 are from Anwu Town, 132 from Yunyang town, and 104 from Yangling District.



Our purpose was to obtain information on farmers’ technology adoption, technology understanding and production endowment. We chose land, labor force, and income as the three variables to represent farmers’ endowment [39,40]. However, it is difficult to measure farmers’ understanding of technology. Thus, referring to some of the literature, we used information processing capacity and information channels to reflect it [32,33]. For variables, we selected two basic variables, age and education, to reflect the information processing ability of farmers [32,41] and several channels from the perspective of individuals and social networks, respectively [42,43]. As for the dependent variables, referring to the practice of relevant studies [44,45], five subscales were used to measure farmers’ adoption intentions to IICS. Since some farmers have adopted the early techniques, we used the data of adoption rather than the adoption intentions.



The descriptive statistics of the samples are shown in Table 1. The sample size obtained is more than 40 times the number of independent variables, which can better avoid the measurement error. From the sample data obtained, most of the features of the sample, such as education, land, and income, are evenly distributed. The distribution of age is mainly concentrated between 41–60 years old, which is more consistent with the average level of China.




3.3. Econometric Models


3.3.1. Logit Model


First, we consider the question of whether the factors affecting farmers’ adoption of these two types of techniques are the same. According to the theory in Section 2, farmers’ willingness and behavior depend on the expected benefits of adopting technology. In turn, the expected benefits depend on the farmers’ endowment and understanding. Setting    Y e    as the expected benefits and based on the classical linear hypothesis and existing research, we can get:


   Y e  = β +   ∑  i = 1  n    α i   x i  + u    



(18)




where    x i    and    α i    are the factors that may affect farmers’ expected benefits and its corresponding coefficients.  β  and  u  are a constant term and a residual term. However, the expected return is an unobservable continuous variable. We can only observe the adoption behavior or intentions ( Y ), which is a classified variable. Moreover, there is a critical value    K 0    (or multiple critical values    K 1    and    K 2   ), such that:


   {        Y = 1                Y e  ≥  K 0        Y = 0                  Y e  <  K 0            o r    {      Y = 3                          Y e  ≥  K 2        Y = 2      K 2  <  Y e  ≥  K 1        Y = 1                            Y e  <  K 1                 



(19)







The above model setting is a Binary Logit model (or Ordered Logit model) [33]. Therefore, we used Logit models to estimate the impact of these two factors on adoption or adoption intentions.




3.3.2. Propensity Score Matching


Next, we examined the question of whether the adoption of early techniques will affect farmers’ adoption of IICS, since farmers’ adoption of early technology is not random, but self-selected behavior, leading to endogenous problems [46]. Factors such as income and labor affect early technology adoption, as well as adoption intentions to IICS. This will lead to endogenous problems and affect the unbiasedness of the estimation results. Because we use cross-sectional data, the method to deal with endogeneity is usually instrumental variable regression or PSM [47]. Since the two techniques are similar, it is difficult to find an effective instrumental variable. We choose PSM as the method to deal with endogeneity in this work.



PSM is a mature statistical method, which is widely used in survey data. The purpose of PSM is to select a subset from the dataset [48]. In this subset, except for the investigated variable (early technology adoption) and the outcome variable (adoption intentions to IICS), other factors influencing the core independent variable should be kept similar or the same as much as possible. The data in the subset are grouped according to different values of independent variables.



We first performed a regression with the investigated variable as the explained variable to determine the control variables. Due to sample limitations, this was only done for reference. Then, we categorized the farmers who were early adopters as the experimental group. The others were the unmatched control group. For each sample in the experimental group, we used the matching algorithms to select the sample similar to it in control variables from the unmatched control group and brought it into the matched control group. In this way, the subset was similar to the control variable method [49]. Then, the role of the core independent variable could be judged by the differences of the outcome variable in each group.






4. Results and Discussion


Empirical research needs to ensure the applicability of the model, as well as the accuracy and reliability of the results. Therefore, in addition to reporting the results and conclusions, we also conducted the applicability test, collinearity test, and robustness test to ensure that our empirical results are correct.



4.1. Logit Model for Deducation 1 and 2


4.1.1. Collinearity Test and Data Distribution Test


Since our model uses the labor force and income per unit of land, we also used the average data per mu for regression. Firstly, the Logit model requires that the Logit (p)    ( L n  (  p /  (  1 − p  )   )    is linearly correlated with independent variables [50]. Therefore, we carried out the corresponding test through the scatter diagram (see Supplementary Materials for more details). The results show that the data distribution conforms to the assumption of the Logit model. Secondly, before Logit regression, a collinearity test was needed to avoid the distortion of model estimation caused by the high correlation between independent variables, which was carried out by the variance inflation factor (VIF) method. Specifically, VIF is the degree to which a given explanatory variable is explained by all other explanatory variables in the equation. Through the calculation of software SPSS, we obtained the results shown in Table 2. The VIF of each variable was less than 10, indicating that there was no obvious collinearity between independent variables. Furthermore, we considered the impact of Sample Selection Bias (SSB). Among the factors we investigated, there are two factors that may have SSB: contract and train. We conducted a Heckman test, and the significance of rho indicates whether the potential self-selected variables significantly affect the dependent variable, so we can judge whether there is SSB. As shown in Table 2, the test results (See supplementary materials for more details) show that there is no SSB (rho > 0.1).




4.1.2. Estimation Results of Logit Model


Next, we used SPSS to estimate the Logit model, and the results are shown in Table 3. For the adoption intentions of IICS, we use the ordered Logit model, which requires a proportional odds assumption (p-value > 0.05). The results show that the degree of freedom is 8, and the p-value is 0.26. This means that different degrees of adoption intentions follow the same law and the test passed.



The regression results of the model are shown in Table 3. Firstly, for early techniques, the significance of farmers’ endowment is small, in which the p-value of labor force is greater than 0.1 and that of capital is greater than 0.05. This means that farmers’ endowments have no significant impact on the adoption of early techniques. However, they have a significant impact on the adoption intention to IICS (0.00 < 0.05; 0.00 < 0.05). This shows a great difference in the role of farmers’ endowments under different technologies. Since the difference between the two types of technologies is mainly due to the adoption costs, it can be considered that Deduction 1 is verified.



We used information processing ability and information channels to reflect farmers’ understanding of technology. For information processing ability, the role of age shows differences (p-value: 0.078 and 0.027), while the role of education is similar (p-value: 0.025 and 0.041). One possible reason is the early technology is relatively simple and easy to understand, the decline in understanding ability caused by age is not enough to affect. However, even with simple technology, basic education is still needed. Therefore, the role of education cannot be offset by the simplicity of the technology. Moreover, IICS technology is more complex and requires higher education and better understanding.



The significance of information channels is basically the same (all p-values lower than 0.05). This shows that whatever the technology, they have an important influence on the adoption. Specifically, the four variables reflect the four information channels: farmers themselves, extension agencies, agricultural enterprises, and social networks. Every channel is important and farmers will not only rely on a single one. In general, the significance of the factors that reflecting farmers’ understanding is basically the same, and Deduction 2 is confirmed.





4.2. Propensity Score Matching for Deducation 3


In this work, we used the adoption intentions to IICS as the outcome variable of PSM, and used early technology adoption as the factor to be investigated. The software we used is Stata. Limited to data availability and sample size, we did not examine a wider range of covariates, but took the factors in Section 4.2 as covariates. Limited to the sample size, we used the nearest neighbor matching with sampling with replacement, and the matching ratio is 1:1. The frequency of farmers adopting early technology is 80, and the corresponding number of successful matches is 76. Due to the continuous covariates, these matches are fuzzy matches. The matching evaluation and balance test are shown in Table 4 and Table 5. The results in Table 4 show that the difference between the matched control group and the experimental group is greatly reduced and not significant at the 10% level. Moreover, in Table 5, the deviation of each dimension between the matched experimental group and the control group is not significant at the level of 10%. These results mean that the matching result is acceptable.



By comparing the mean of dependent variables in the control group and the experimental group, the Average Treatment Effect (ATT) is used to investigate the role of characteristic factors [51]. The average treatment effect for the treated group (ATT) of early technology adoption is shown in Table 6. The t-value of the average processing effect before matching is 3.07 (>1.96), indicating that ATT is significant. The average adoption intentions to IICS under the adoption of early technology is 1.728, while the average adoption of farmers who are not early adopters of technology is 2.025. However, after matching, ATT is −0.125 and no longer significant (   |  − 0.09  |    < 1.96). The results of PSM show that early technology adoption does not affect farmers’ willingness to adopt IICS, which contradicts Deduction 3.




4.3. Discussion


The Logit model and PSM were used to verify our three deductions. The result is to accept Deductions 1 and 2, but reject Deduction 3.



First, labor and income are the factors to measure endowment, in which labor force can earn remuneration and can be put it into production, or directly into production, and farmers’ income can also be directly put into production. Deduction 1 shows that endowment only affects high-cost technology adoption. This means that the cost of early fertigation techniques is low and most farmers can afford it. However, for the high-cost IICS, farmers’ endowment plays an important role. The above conclusions are different from previous studies, which showed that higher endowment usually leads to higher adoption intention [11,17]. For example, the study of Jayne [52], which focused on Africa, found that the adoption level of high-income farmers is high. The results of Brown [53] showed that the same is true of human capital. However, our results show that this is not entirely correct. The possible reason for this difference is that the technology adoption cost considered in the above research is generally higher than the endowment of farmers.



According to our interest rate analysis, the above difference is because of the higher cost of borrowing funds. This comparison shows that the increase of endowments does not always improve the adoption or adoption intentions, but plays a role in a certain range. Therefore, subsidy policies are not always effective; some studies have found that subsidies can even lead to the abuse of production technology [54].



Secondly, the verification of Deduction 2 emphasizes the importance of farmers’ understanding of technology, which affects the adoption of both types of technologies. Specifically, we divide the factors about farmer’s understanding into two categories: farmers’ information processing ability and information channels. The complexity of technology will also affect the role of farmers’ information processing ability to a certain extent, leading to an inconsistency of the role of age. Similarly, Moges and Taye [15] explained this correlation as a positive correlation between farmers’ education and cognition, and a high cognitive level can improve the adoption level. Most studies have found that young and highly educated farmers have a higher adoption level, which is similar to our conclusion [1,17,24]. However, some studies have found that demographic variables do not continue to play a role, but depend on the complexity of technology [55].



As for the four information channels, their effects are significant and consistent between the two types of technologies. This is completely consistent with most studies [15,26,27]. Information channels can improve the timeliness and accuracy of farmers’ access to information, so as to help establish a higher level of understanding [27]. Specifically, training can improve the willingness to adopt as well as social learning [18,56].



Farmers’ understanding not only affects decision-making before technology adoption but also the output after technology adoption. Esther et al. found that due to the lack of understanding of technology, farmers’ income is often not as expected, and will also affect others’ adoption through social networks [57].



Finally, the rejected Deduction 3 shows that early technology adoption will not affect the adoption intentions to IICS. As mentioned above, the cost of early technology is regarded as a “sunk cost”, and this is the basis of our deduction. However, it may have other benefits in addition to economic losses. For example, the experience brought and the reuse of some equipment will improve farmers’ adoption intentions. As pointed out by Garcia and Calantone, due to similar technologies, the difficulty of adoption will also be reduced, so as to improve the willingness to adopt [21,22], which may offset the impact of depressed costs.




4.4. Robustness Test


To ensure the reliability of the results, we conducted a robustness test. We used the Heterogeneous Selection Model (HCM) to test the results of Logit model [58]. Table 7 and Table 8 show the heterogeneity of each variable and the corresponding estimation results. For the Logit model, only the heterogeneity of age is positive (0.042 < 0.05), but the parameter estimation results are consistent with those in Section 4.1. Moreover, for the ordered Logit regression, the heterogeneity of education (0.007 < 0.1), train (0.082 < 0.1), and computer (0.090 < 0.1) are positive. These indicate that heterogeneity exists. However, the parameter estimation results are also consistent with those in Section 4.1. In general, the variation of estimation results considering heterogeneity is small, and the variation of likelihood is also small, showing that heterogeneity does not affect the reliability of the results.



Then, we consider the impact of region. As Anwu town and Yunyang town are both located in Jingyang County, while Yangling District is far away from them, we added geographical location as a dummy variable to test the role of space. The results are shown in Table 9. We can see that its effect is not significant (0.487 > 0.05; 0.346 > 0.05). Although in the Logit model, the significance of labor and income have been improved, they are still not significant at the 5% level. The estimation results of other parameters are basically the same as those in Section 4.1. The results show that our results are not affected by geographical location.



Finally, we consider the influence of outliers. The results of the boxplot (Supplementary Materials) show that there are possible outliers in data. Therefore, we conduct regression again after eliminating the outliers, and the results are shown in Table 10. We can see that the difference between these and the results in Section 4 is small, indicating that the outliers have less impact on the robustness of the results. Moreover, the above shows that our results are robust on the whole.





5. Conclusions


Based on the existing research [32,33], we set up an expected benefits model of farmers’ adoption, and analyzed the impact of farmers’ endowment, understanding of technology, and early technology adoption on their intentions to adopt IICS. Based on the survey data of the research group, we used the Logit model and PSM to analyze the factors that may affect farmers’ adoption intentions to IICS. Among them, the Logit model was used to investigate two kinds of factors: farmers’ endowment and farmers’ understanding. PSM aimed to reduce the impact of endogeneity, and thus, to more accurately estimate the impact of early technology adoption on IICS.



The main conclusions are: (1) The role of farmers’ endowment (labor and income) depends on the cost of technology adoption. When considering the low-cost early fertigation techniques, it does not play a role, while farmers’ endowments have a significant impact on the willingness to adopt IICS; (2) Farmers’ understanding of techniques always has a significant impact; (3) Early technology adoption will not affect adoption intentions to adopt IICS.



Based on the above, in order to better promote IICS, we not only need to strengthen technical training for farmers, but also give them appropriate subsidies. The above measures can not only strengthen farmers’ understanding of technologies, but also balance the technology gap between them, so as to narrow the poverty gap in rural areas. Secondly, the adoption of higher level IICS can alleviate the shortage of rural labor force as a whole, improve farmers’ income and narrow the urban–rural gap. Moreover, due to the efficient and intelligent use of fertilizer by IICS, the environmental pollution problems in rural and agricultural areas can be curbed. Finally, farmers who adopt early technology may have gained experience in fertigation, and some facilities can also be applied in IICS to reduce investment. Therefore, we believe that it is unnecessary to give these farmers special subsidies. This will effectively avoid the mismatch of agricultural extension policies and improve the effectiveness of policies.



PSM can only eliminate the influence of some unobserved heterogeneity, so a wider range of covariate investigation is required to improve the reliability of the results. The data we obtained are limited to Shaanxi Province, which may lead to insufficient reliability of the results. Therefore, a wider range of investigation and research is needed in the future. Moreover, due to the insufficient adoption of IICS, we used the adoption intentions of IICS as a substitute. However, intention is not the same as behavior, and this decision might have reduced the reliability of the conclusion. In the research literature on technology adoption, few studies have focused on the impact of early technology adoption on technology renewal. For some countries and regions with rapid development, this is a prominent problem and worthy of in-depth analysis.
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Figure 1. Marginal return curve of technology  f . 
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Figure 2. Changes of farmers’ adoption income with technology adoption cost: (a) Income of low-cost technology adoption; (b) Income of high-cost technology adoption. The shaded part A represents the income affected by farmers’ endowment (   e 0   ), while the shaded part B represents the constant income.    c 2 *    and    c 2  *     ′    are the corresponding optimal investment. 
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Figure 3. Areas and locations selected for the study. 
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Table 1. Descriptive statistics of samples.






Table 1. Descriptive statistics of samples.





	
Classification

	
Variables

	
Types

	
Frequency (n)

	
Percentage (%)






	
Information processing capacity

	
Age

	
20–40 years old

	
40

	
12.12




	
41–60 years old

	
229

	
69.39




	
Over 60 years old

	
61

	
18.48




	
Education

	
Under 6 years

	
87

	
26.36




	
Primary school

	
92

	
27.87




	
Junior high school

	
120

	
36.36




	
High school education or Higher

	
31

	
9.39




	
Information Channels

	
Computer

	
Computer

	
166

	
50.30




	
Training

	
Technical training

	
62

	
18.79




	
Contract

	
Contract farming

	
93

	
28.18




	
Relatives

	
Expert relatives or friends

	
70

	
21.21




	
Production characteristics

	
Land Area

	
<5 mu

	
93

	
28.18




	
5–10 mu

	
197

	
59.70




	
10–20 mu

	
35

	
10.61




	
>20 mu

	
5

	
1.51




	
Labor

	
<3 people

	
72

	
21.81




	
3–5 people

	
194

	
58.78




	
>5 people

	
64

	
19.39




	
Gross household income

	
<10,000 yuan

	
11

	
3.33




	
10,000–50,000 yuan

	
113

	
34.24




	
50,000–100,000 yuan

	
100

	
30.30




	
>100,000 yuan

	
106

	
32.12




	
Technology Adoption

	
Adoption Intention to IICS

	
Negative: 1–2

	
117

	
35.45




	
Undefined: 3

	
95

	
28.79




	
Positive: 4–5

	
118

	
35.76




	
Adoption of early techniques

	
Venturi injector

	
52

	
15.76




	
Differential pressure tank

	
20

	
6.06




	
Others

	
8

	
2.42








Note: 1 mu = 0.07 acres. (n = 330).
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Table 2. Results of the Collinearity Diagnostics and Heckman Test.
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	Variables
	Tolerance
	VIF





	Labor
	0.95
	1.06



	Income
	0.95
	1.05



	Age
	0.88
	1.14



	Education
	0.86
	1.17



	Computer
	0.93
	1.08



	Train
	0.98
	1.02



	Contract
	0.98
	1.02



	Relative
	0.97
	1.03



	rho
	Early Techniques
	IICS



	Train
	0.433
	0.830



	Contract
	0.586
	0.219
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Table 3. Estimation results.
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Variables

	
Early Techniques

	
IICS




	
Estimate

	
p-Value

	
Std. E

	
Estimate

	
p-Value

	
Std. E






	
Labor

	
1.463

	
0.102

	
0.895

	
12.736 ***

	
0.000

	
0.929




	
Income

	
1.107 *

	
0.059

	
0.586

	
11.681 ***

	
0.000

	
1.098




	
Age

	
−1.341 *

	
0.078

	
0.761

	
−1.792 **

	
0.027

	
0.797




	
Education

	
2.199 **

	
0.025

	
0.980

	
2.356 **

	
0.041

	
0.951




	
Computer

	
0.628 **

	
0.032

	
0.292

	
0.576 **

	
0.048

	
0.289




	
Train

	
0.935 ***

	
0.004

	
0.328

	
0.739 **

	
0.041

	
0.354




	
Contract

	
0.897 ***

	
0.003

	
0.297

	
0.594 **

	
0.037

	
0.315




	
Relative

	
0.727 **

	
0.026

	
0.326

	
0.731 **

	
0.043

	
0.341








Note: *** Significant at the 1%. ** Significant at the 5%. * Significant at the 10%.
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Table 4. Overall evaluation of matching results.
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	Sample
	Ps R2
	LR chi2
	p > chi2
	Mean Bias
	Med Bias





	Unmatched
	0.128
	46.75
	0.000
	30.6
	32.8



	Matched
	0.016
	3.50
	0.899
	9.0
	8.2
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Table 5. Balance test results.
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Variables

	
Matching Status

	
Mean

	
Std Dev

	
Change of Std Dev

	
Student’s t Test




	
Treated

	
Control

	
t-Value

	
p-Value






	
Labor

	
Unmatched

	
0.259

	
0.245

	
8.76%

	
81.53%

	
0.656

	
0.513




	
Matched

	
0.259

	
0.256

	
1.62%

	
0.102

	
0.919




	
Income

	
Unmatched

	
0.473

	
0.419

	
22.06%

	
41.58%

	
1.687

	
0.094




	
Matched

	
0.473

	
0.503

	
−12.89%

	
−0.815

	
0.416




	
Age

	
Unmatched

	
0.596

	
0.666

	
−36.29%

	
84.42%

	
−2.771

	
0.006




	
Matched

	
0.596

	
0.585

	
5.65%

	
0.358

	
0.721




	
Education

	
Unmatched

	
0.412

	
0.329

	
52.79%

	
90.43%

	
4.274

	
0




	
Matched

	
0.412

	
0.405

	
5.05%

	
0.319

	
0.75




	
Computer

	
Unmatched

	
0.525

	
0.496

	
5.78%

	
100.00%

	
0.45

	
0.654




	
Matched

	
0.525

	
0.525

	
0.00%

	
0

	
1




	
Training

	
Unmatched

	
0.2

	
0.184

	
4.05%

	
−123.03%

	
0.312

	
0.755




	
Matched

	
0.2

	
0.238

	
−9.02%

	
−0.571

	
0.569




	
Contract

	
Unmatched

	
0.263

	
0.196

	
15.80%

	
6.52%

	
1.198

	
0.233




	
Matched

	
0.263

	
0.2

	
14.77%

	
0.934

	
0.352




	
Realtives

	
Unmatched

	
0.262

	
0.288

	
−5.69%

	
49.97%

	
−0.446

	
0.657




	
Matched

	
0.262

	
0.25

	
2.85%

	
0.18

	
0.857
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Table 6. ATE of early technology adoption on new technology adoption intention.
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	Sample
	Treated
	Control
	ATT
	t-Value





	Unmatched
	2.025
	1.728
	0.297
	3.07



	Matched
	2.025
	2.0375
	−0.0125
	−0.09
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Table 7. Heterogeneity test and results for early techniques.






Table 7. Heterogeneity test and results for early techniques.





	
Variables

	
Heterogeneity Variables Investigated for Early Techniques




	
Labor

	
Income

	
Age

	
Education

	
Computer

	
Train

	
Contract

	
Relative






	
Labor

	
1.49

	
0.999

	
0.293

	
1.8

	
1.763 **

	
1.109 *

	
1.535 **

	
1.165 **




	
Income

	
1.98 **

	
1.591 **

	
0.357

	
2.045

	
1.822 *

	
1.465

	
1.382

	
1.269




	
Age

	
−1.34

	
−1.193

	
0.183

	
−2.328

	
−2.42 *

	
−1.346 *

	
−1.165

	
−1.264 *




	
Education

	
2.01 **

	
2.072 **

	
0.662 *

	
1.311

	
2.577 *

	
2.2 **

	
3.622 **

	
1.689 *




	
Computer

	
1.76 *

	
0.58 *

	
0.189 *

	
0.918 *

	
0.044

	
0.629 **

	
0.725 **

	
0.453




	
Train

	
2 **

	
0.855 **

	
0.312 **

	
1.325 **

	
1.187 ***

	
0.93 **

	
1.022 ***

	
0.867 ***




	
Contract

	
2.26 **

	
0.833 **

	
0.236 *

	
1.537 *

	
1.219 ***

	
0.898 ***

	
0.252

	
0.816 ***




	
Relative

	
1.84 *

	
0.673 *

	
0.205 *

	
1.117 *

	
1.012 **

	
0.727 **

	
0.719 *

	
0.933 ***




	
Lnsigma

	
0.868

	
−0.326

	
−2.243

	
1.105

	
0.579

	
0.008

	
0.785

	
−0.511




	
p-value

	
0.224

	
0.798

	
0.042

	
0.309

	
0.145

	
0.985

	
0.189

	
0.191




	
Log likelihood

	
−159.09

	
−159.83

	
−157.44

	
−159.23

	
−158.76

	
−159.85

	
−158.63

	
−159.08








Note: *** Significant at the 1%. ** Significant at the 5%. * Significant at the 10%.
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Table 8. Heterogeneity test and results for IICS.






Table 8. Heterogeneity test and results for IICS.





	
Variables

	
Heterogeneity Variables Investigated for IICS




	
Labor

	
Income

	
Age

	
Education

	
Computer

	
Train

	
Contract

	
Relative






	
Labor

	
12.913 ***

	
11.69 ***

	
11.669 ***

	
7.58 ***

	
13.994 ***

	
11.062 ***

	
12.981 ***

	
11.07 ***




	
Income

	
13.916 ***

	
12.68 ***

	
12.657 ***

	
8.145 ***

	
14.823 ***

	
12.06 ***

	
13.958 ***

	
11.922 ***




	
Age

	
−1.982 **

	
−1.765 **

	
−1.761 *

	
−1.05 **

	
−2.157 **

	
−1.73 **

	
−1.855 **

	
−1.643 **




	
Education

	
2.478 **

	
2.332 **

	
2.327 **

	
1.896 ***

	
2.886 **

	
2.046 **

	
2.808 **

	
2.243 **




	
Computer

	
0.654 *

	
0.571 *

	
0.57 *

	
0.329 *

	
0.564 *

	
0.479 *

	
0.616 *

	
0.591 **




	
Train

	
0.798 **

	
0.722 **

	
0.721 *

	
0.406 *

	
0.954 **

	
0.762 ***

	
0.792 **

	
0.66 **




	
Contract

	
0.743 **

	
0.656 **

	
0.655 *

	
0.355 *

	
0.764 **

	
0.624 **

	
0.631 *

	
0.625 **




	
Relative

	
0.743 *

	
0.689 *

	
0.687 *

	
0.461 **

	
0.727 *

	
0.634 **

	
0.748 **

	
0.727 **




	
Lnsigma

	
0.367

	
0.681

	
0.435

	
0.474

	
0.172

	
0.235

	
0.180

	
0.211




	
p-value

	
0.534

	
0.997

	
0.993

	
0.007

	
0.090

	
0.127

	
0.082

	
0.148




	
Log likelihood

	
−175.00

	
−175.20

	
−175.20

	
−171.38

	
−173.77

	
−174.04

	
−173.64

	
−174.16








Note: *** Significant at the 1%. ** Significant at the 5%. * Significant at the 10%.
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Table 9. Impact of geographical location.






Table 9. Impact of geographical location.





	
Variables

	
Early Techniques

	
IICS




	
Estimate

	
p-Value

	
Std. E

	
Estimate

	
p-Value

	
Std. E






	
Labor

	
1.494 *

	
0.096

	
0.897

	
12.876 ***

	
0.000

	
1.483




	
Income

	
1.122 *

	
0.059

	
0.587

	
11.769 ***

	
0.000

	
1.056




	
Age

	
−1.335 *

	
0.080

	
0.762

	
−1.817 **

	
0.023

	
0.798




	
Education

	
2.129 **

	
0.030

	
0.983

	
2.251 **

	
0.018

	
0.952




	
Computer

	
0.637 **

	
0.029

	
0.293

	
0.590 **

	
0.042

	
0.290




	
Train

	
0.930 ***

	
0.005

	
0.328

	
0.719 **

	
0.041

	
0.352




	
Contract

	
0.904 ***

	
0.002

	
0.298

	
0.676 **

	
0.033

	
0.316




	
Relative

	
0.745 **

	
0.023

	
0.327

	
0.706 **

	
0.038

	
0.340




	
Location 1

	
−0.215

	
0.487

	
0.310

	
0.283 **

	
0.346

	
0.301








Note: 1 Jingyang County or Yangling District. *** Significant at the 1%. ** Significant at the 5%. * Significant at the 10%.
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Table 10. Estimation results after excluding outliers.






Table 10. Estimation results after excluding outliers.





	
Variables

	
Early Techniques

	
IICS




	
Estimate

	
p-Value

	
Std. E

	
Estimate

	
p-Value

	
Std. E






	
Labor

	
1.562 *

	
0.085

	
0.907

	
12.652 ***

	
0.000

	
1.462




	
Income

	
1.221 *

	
0.056

	
0.639

	
11.645 ***

	
0.000

	
1.072




	
Age

	
−1.092

	
0.204

	
0.861

	
−1.764 **

	
0.042

	
0.869




	
Education

	
2.427 **

	
0.017

	
1.017

	
2.230 **

	
0.020

	
0.959




	
Computer

	
0.699 **

	
0.022

	
0.304

	
−0.678 **

	
0.021

	
0.294




	
Train

	
0.854 **

	
0.012

	
0.339

	
−0.691 *

	
0.057

	
0.362




	
Contract

	
1.007 ***

	
0.001

	
0.309

	
−0.607 *

	
0.058

	
0.320




	
Relative

	
0.719 **

	
0.036

	
0.343

	
−0.694 **

	
0.044

	
0.345








Note: *** Significant at the 1%. ** Significant at the 5%. * Significant at the 10%.
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