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Abstract

:

Improving technical efficiency (TE) is crucial for the sustainable growth of smallholder agriculture in developing countries. While there has been a large literature investigating the determinants of smallholders’ agricultural technical efficiency, little is known about the effect of e-commerce on agriculture and crop production efficiency despite the growing importance of rural e-commerce in developing countries. This study, therefore, bridges the research gap by examining the impact of e-commerce adoption on TE using household survey data of wheat farmers in China. We employ the combination of propensity score matching (PSM) and a selectivity-corrected stochastic production frontier model to address the possible selection biases stemming from both observable and unobservable factors. We found that e-commerce adoption would lead to a 2.75 per cent increase in the technical efficiency of wheat production. Our study also complements the existing research of rural e-commerce, which mainly focuses on the benefits of e-commerce from the perspective of market opportunity and farmers’ welfare.
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1. Introduction


Enhancing agricultural productivity and technical efficiency is widely perceived as a key strategy for sustainable rural advancement in developing countries, especially in China, where smallholder farmers make up 99% of the nation’s total agricultural producers [1]. Technical efficiency is the effectiveness with which a given set of inputs is used to produce an output, which is often measured by the ratio of farmers’ observed output to the maximum realizable output given the existing inputs [2,3,4,5]. However, smallholder farmers usually face multiple complex production and marketing challenges that hinder the technical efficiency of their agricultural production. For example, the high transaction costs of accessing inputs and output markets, the unavailability of modern technologies, and the limitations of farmers’ skillsets are among some of the key constraints [6,7,8,9,10,11,12]. These, in turn, constrain farmers’ optimal decision-making strategies, not only for their initial production decisions but also for harvesting, storage, and marketing decisions. As a result, the technical efficiency for smallholder farmers is relatively low in developing countries [11,13], posing challenges to their sustainable development in modern agriculture.



Improving technical efficiency has long been of interest by policymakers and scholars. While the scholarly interest in the technical efficiency of agricultural production can be dated back to the 1970s [14], it was not until the 1990s that the technical efficiency of agricultural production became a popular empirical research topic among agricultural economists [15]. In recent years, there has been a renewed interest in this topic, and a large number of empirical studies have emerged to understand the factors affecting agricultural production’s technical efficiency [16,17,18].



The related literature has identified a broad range of factors that potentially influence the technical efficiency and productivity of agricultural production. These factors include government R&D spending on agricultural research [7,9,19], agricultural extension services and technical training [20,21], institutional and market reform [22,23,24], land tenure security and the functioning of land rental [6,25,26], agricultural cooperatives [16,20,21,27], the reduction of input costs due to the improvement of markets and/or bargaining power [28,29], and off-farm employment and migration [28,29,30]. A growing number of recent studies focus on the role of Information and Communication Technologies (ICTs) in agricultural production and technical efficiency. Overall, the adoption of ICTs (e.g., mobile phones and Internet) is found to be positively correlated with the improvement of technical efficiency [12,31,32].



Despite the large and active literature exploring factors affecting the technical efficiency of agricultural and crop production, there exists a considerable gap in the literature. More specifically, we are not aware of any study that investigates the possible effect of e-commerce on the technical efficiency on agricultural and crop production. We define e-commerce adoption as the enablement of farmers to participate in online trade, including both selling and buying, as is consistent with previous studies [33,34,35]. Recent years have witnessed that (1) e-commerce has rapidly emerged in the developing world, and (2) e-commerce is an important type of ICT focusing on digital transactions and mechanization. We posit that the adoption of e-commerce can potentially affect smallholder farmers’ production efficiency. By directly matching and connecting buyers and sellers (especially those living in rural regions), via the Internet, e-commerce reduces transaction costs and facilitates the exchange of goods, services, information, and knowledge. The process improves their ability to access markets while greatly reducing the transaction costs [36,37], and thus may lead to potential changes in agricultural production and technical efficiency. Nevertheless, to the best of our knowledge, such potential is yet to be explored.



Therefore, we aim to fill the research gap by empirically exploring the impact of e-commerce adoption on the technical efficiency of crop production. Our research contributes to the existing literature in three ways: Firstly, we are the very first study to provide quantitative evidence of the impact of e-commerce on the technical efficiency of agricultural production. This is important, given that e-commerce is quicker than ever in changing rural societies and agriculture [38,39,40]. Secondly, our study further extends the existing literature exploring the roles of e-commerce in rural economic development. The existing research on rural e-commerce is typically based on cases or limited data from small sample surveys [36,39,41,42,43]. Of the few quantitative studies, most have delved into the impact of e-commerce adoption on farmers’ welfare and household income growth, and few have investigated its effect on agricultural production [33,44,45]. Thirdly, we employ an empirical method that corrects for self-selectivity biases arising from both observable and unobservable factors. Specifically, we use the propensity score matching method to address the selection bias arising from the observed factors and the selectivity-corrected stochastic frontier approach developed by Green to address the selection bias arising from unobservable factors [19,20,46].



Our study focuses on the wheat crop because (1) China is the biggest wheat producer in the world, and (2) its productivity is relatively low. According to FAOSTAT, wheat yield in China was 5.48 tons/hectare in 2017, ranking only 20th globally. It is documented that there exists a considerable gap between the actual yield and the yield potential in China’s wheat production [47,48]. Enhancing wheat’s technical efficiency and productivity is, therefore, essential to ensure both food security and farmers’ welfare. Using a micro dataset from rural households in top-tier wheat-producing provinces in China, we found that the adoption of e-commerce would increase the technical efficiency by approximately 2.75 per cent, which is in line with previous studies on ICTs.



This paper is organized as follows: Section 2 briefly recounts the background of China’s rural e-commerce and introduces the background-based data collection procedure, followed by Section 3, the estimation strategy where we briefly introduce selectivity-corrected SPF model combined with propensity score matching. Section 4 reports the descriptive and empirical results with the discussion of relevant findings, and, finally, Section 5 concludes the article with policy implications and discusses the limitations and future research directions.




2. Background and Data Collection


2.1. Rapid Emergence of Rural E-commerce in China


Rural e-commerce in China has undergone a rapid development in the past decade. Overall, the value of rural online retail sales has increased from USD 27.99 billion in 2014 to USD 278.25 billion in 2020, accounting for 15.2% of the total national online retail sales, with a year-on-year growth exceeding 30% for six consecutive years since 2015. The total value of online agri-product retail sales topped USD 61.81 billion in 2019, with a year-on-year growth of 27%, which is 10.5% higher than the average growth rate of national online retail sales [49]. The rapid development of rural e-commerce in the past decades has been gaining increasing recognition internationally for its potential in promoting the rural economy in developing countries [40]. Over the years, the government has steadily funded the construction of Information and Communication Technologies (ICTs) infrastructures in the rural regions, which has provided a solid ground for e-commerce development. Consequently, the netizen population is booming, and the trade values of e-commerce in agri-sectors have multiplied in the past decade [50].



Major ICT companies in China, such as Alibaba, Tencent, and Jingdong, have provided abundant business opportunities and employment for rural residents. Through e-commerce, millions of farmers do business online regardless of their remote residency [39,51], which has innovated the agricultural supply chain [34,52] and improved rural societies in various facets [38,53,54]. Naturally, it has attracted increasing scholarly attention worldwide, as China is not alone when it comes to rural e-commerce development. Around the world, an inspiring phenomenon has occurred in developing countries such as India, Vietnam, and Kenya, where rural e-commerce is used to promote local rural societies and agriculture [55,56,57,58]. The experience China has to offer is needed more than ever, as it is potentially beneficial to other developing countries.



Taobao village is a typical phenomenon fostered by China’s rapid rural e-commerce growth [43,51,54]. It is an administrative village with a total annual e-commerce trade value exceeding USD 1.56 million (CNY 10.00 million). To be considered as a Taobao village, a village also needs to fulfil one of the two following requirements: (1) the village has at least 100 operational e-commerce adopters; or (2) 10% of the total households in a village are e-commerce adopters [59]. Regarding the above qualitative and quantitative requirements, it is clear that Taobao Village, which reaches some scale in the number of online sales and stores, is an aggregation of e-commercial sellers in rural areas. The number of Taobao villages has drastically increased from only 3 in 2009 to over 5425 in 2020, multiplied over a thousand-fold in a single decade. Together, these Taobao villages have achieved a combined annual online retail sales of over USD 157.12 billion (CNY one trillion), creating over 28 million jobs [59].




2.2. E-commerce and Technical Efficiency


The rapid emergence of rural e-commerce not only changed the way rural residents conduct business but is also likely to have impacts on smallholder farmers’ production decisions and efficiency. The adoption of e-commerce by rural farmers may improve the technical efficiency of crop production for several possible reasons. First, e-commerce may improve farmers’ productivity, as conducting business online incentivize farmers to learn and utilize ICTs. This process enables them to better infuse new and better technologies and is widely observed to be positively associated with productivity and efficiency growth [12,31,60]. Second, e-commerce may lower the costs of farmers in acquiring different inputs (e.g., fertilizers, and pesticides). Adopting e-commerce enables farmers to access online input markets (where prices are usually lower than those of traditional markets because of the lower costs associated with online transactions), with a corresponding direct impact on farm revenue and overall performance [61,62,63,64]. Third, e-commerce may facilitate the efficient use of labour. While e-commerce significantly reduces transaction costs, less labour is needed to conduct the transaction as sellers (farmers) and buyers (customers) are matched online. It helps reallocate labour within a rural household in a more efficient way [54,65,66]. Fourth, e-commerce may help farmers to better adjust their production strategy. As e-commerce can directly match buyers and sellers online, it enables farmers to quickly and timely capture the changes of markets and adjust their production strategy to suit the demand [37,38]. It is also widely observed that e-commerce adopters have a higher income than their non-adopter counterparts [33,35,64]. A higher income may alleviate the credit constraint, which is also a key barrier to efficiency improvement [67,68].



For these reasons, e-commerce adoption may ultimately affect farmers’ production behaviours on how to invest and utilize different inputs as well as their productivity, and thus the potential of enhancing the technical efficiency of crop production.





3. Materials and Methods


3.1. Data Collection


Based on the distribution of Taobao villages, we collected the data using a multistage sampling procedure. Between April and July 2018, we conducted a comprehensive survey of rural households in China. In the first stage, we selected three provinces that are famous for their rural e-commerce development, namely Jiangsu, Shandong, and Zhejiang. These three provinces have the most Taobao Villages in China. For example, Zhejiang province has 1573 Taobao villages in 2019, whereas Jiangsu has 615 and Shandong 450. When combined, these three provinces account for over 61.21% of Taobao villages nationwide [59]. In the second stage, we chose one county within each selected province, which included Cao county in Shandong, Shuyang county in Jiangsu, and Lin’an county in Zhejiang. These counties were among the very first adopters of rural e-commerce in China, and are widely perceived as the most representative with regard to rural e-commerce. In the third stage, we randomly selected 8 Taobao villages and 8 non-Taobao villages from each selected county. In each Taobao village, we randomly interviewed 10 households that operate e-commerce businesses and 10 households that do not as a control group. In each non-Taobao village, we randomly interviewed about 20 households, regardless of whether they operated an e-commerce business. Given that our aim was to study the effect of rural e-commerce on the technical efficiency of wheat production, we naturally limited our sample to wheat producers. As a result, we obtained a sample size of 371 wheat producers, among which 105 were e-commerce adopters and 266 non-adopters.



We followed the relevant literature to carefully select the variables used in the study [35,36,69]. Specifically, e-commerce adoption was defined as a dummy variable that equals 1 if a rural household participated in e-commerce business in 2017, and 0 otherwise [33,35]. The questionnaire was adjusted and modified multiple times during several pre-tests to better suit the academic needs and reflect reality. The final version of the questionnaire included various household characteristics (e.g., cultivated land size, household size), household head characteristics (e.g., age, gender, education level), agricultural production variables (e.g., seedling, fertilizers, pesticides, and labour), and other related variables (e.g., household’s access to the Internet).



We trained our numerators carefully to better carry out the structured surveys. The necessary ethical procedures were strictly followed during the entire survey to ensure our respondents’ confidentiality and data privity. All surveys were conducted on a face-to-face basis with either the household head or, on the rare occasions when he/she was absent, another household member who had a good knowledge of the production and market decisions of the household. Cross-sectional data of the year 2017 were employed in our study, as it was the year before the interview and farmers recalled the situation quite well.




3.2. Empirical Specification


There are two common practices when estimating the technical efficiency of crop production: non-parametric methodologies such as data envelope analysis (DEA) [70] and parametric methodologies such as the stochastic production frontier (SPF) [12,21,31]. In this study, we employ the SPF model for the following reasons: first, we are interested in capturing the production effect of various inputs on wheat output. This requires the model to be parametric, which is in stark contrast to the non-parametric DEA. Second, random errors are crucial in our calculation, as the efficiency of wheat production is sensible to not only inefficiency terms but also random errors (e.g., unpredictable conditions like weather). This can be addressed by the SPF that assumes a random error, while DEA does not. Therefore, our study is based on the SPF method.



The objective of this study is to investigate the impact of e-commerce adoption on technical efficiency, evidenced by smallholder wheat farmers in China. As analysed above, farmers self-identify as either e-commerce adopters or non-adopters, which has caused a potential selectivity bias. Learning from the previous literature, we took into account such bias and employed the selectivity-corrected stochastic production frontier (SPF) model, combined with propensity score matching (PSM), to address the issue [18,19,20,46].



3.2.1. Stochastic Production Frontier Model (SPF)


As the farmers in our sample are exclusively either e-commerce adopters or non-adopters, following the initial SPF proposed by Aigner, Lovell, and Schmidt [71], the SPF model is specified as follows:


    Y i  = f    Z i  ,  E i    +  e i    ,   w i t h    e i  =  v i  −  μ i    



(1)




where    Y i    is the wheat output of the farmer  i ;    Z i    is a vector of variables representing different inputs (e.g., fertilizers, pesticides);    E i    is the binary variable that depicts the e-commerce adoption status of farmers (1 = e-commerce adopters; 0 = non-adopters);    e i    is an error term, which is composed of    v i  ~ N   0 ,  σ v 2     , an asymmetric stochastic term capturing statistical noise, and    μ i  ~  N +    0 ,  σ v 2     , a half-normal stochastic term that accounts for inefficiency in wheat production.



We then proceeded to estimate the production function based on the likelihood ratio test. The Cobb–Douglas function is used, as it is in line with the test and fits the nature of wheat production. Following Anang [72], we estimated the production frontier as follows:


  l n    Y i    =  β 0  +   ∑   j = 1  6   β j  l n Z +  φ i   M i  +  w i   



(2)




where ln represents a natural logarithm;    Y i    represents the wheat output of the i-th farmer;    Z i    denotes a vector of production input variables. In particular, the output variable is defined as the gross revenue from production per mu (1 mu = 1/15 ha). Inputs are aggregated into five major categories including expenditure on seedlings, fertilizers, pesticides, family labours, and hired labours;    β j    and    φ i    are parameters to be estimated; and    w i    is an uncorrelated random error that has a normal distribution.



We then calculate the technical efficiency score of wheat [19,72].


  T  E i E  =    Y i     Y  i ∗     =    Y i     e  f    z i  , β   +  v i       



(3)




where   T  E i E    represents the TE score of farmer  i  growing wheat,    Y i    is the actual wheat output,    Y  i ∗     is the maximum output possible when all inputs    Z i    were used in the most efficient ways. As indicated in Equation (3), the efficiency of the i-th farmer is 1 when the error term is 0. That is, if e-commerce adopters can obtain a higher wheat output (   Y i   ) given existing inputs (   Z i   ), they may have a higher technical efficiency score than non-adopters.




3.2.2. Addressing Selection Bias


Based on the utility maximization framework, we depicted farmers’ choices to adopt e-commerce or not in a binary sample selection model as follows:


   E i *  = α  X i  +  ε i  ,   w h e r e    E i  =       1 ,   i f    U i e  −  U i  e ∗   > 0       0 ,   o t h e r w i s e        



(4)




where    E i    represents a binary variable that equals 1 for e-commerce adopters and 0 for non-adopters;    X i    refers to the set of explanatory variables which affect farmers’ decision to adopt e-commerce (e.g., internet accessibility, various household characteristics);   α   is the set of estimated parameters;    ε i    is the error term;    U i e    represents the expected utility farmer  i  adopting e-commerce, whereas    U i  e ∗     i s   the expected utility farmer  i  not adopting e-commerce. It is obvious that a farmer  i  only adopts e-commerce when the expected utility gain    U i e  −  U i  e ∗     is positive.



As farmers identify themselves as being either e-commerce adopters or non-adopters, some of the factors determining adoption in e-commerce are likely to influence efficiency as well. Such is the presence of selection bias, which is caused by both observed (e.g., age, education of household head) and unobserved factors (e.g., farmer’s openness to new technologies) simultaneously.



Learning from similar literature [18,19,73], we introduced propensity score matching (PSM) to control bias stemming from observed factors. PSM enabled us to match farmers who adopted e-commerce and those who did not on observed characteristics. In the PSM estimation framework, Equation (4) can be estimated using a binary choice model (a Logit model in this study) to generate a propensity score for each farmer in the sample. Depending on the propensity scores, the PSM approach matches e-commerce adopters and non-adopters who are similar in observed characteristics    X i    to address the potential selectivity effects arising from observable factors. In the selection of matching techniques, we learned from the past literature and employed the nearest-neighbour matching technique, as it is a commonly used method to efficiently reduce bias from observed factors [74,75,76]. We matched every adopter with four neighbours with a calliper of 0.01. We also allowed for a replacement so as to reduce the omission of sample sizes. The technique generated 344 matched samples in total, with 90 e-commerce adopters and 254 non-adopters. Overall, each adopter had two to three non-adopters in comparison.



To control bias stemming from unobserved factors, we learned from Greene and implemented a selectivity-corrected SPF model [46]. This model assumes that the unobserved factors in the selection equation are correlated with the error term in the stochastic frontier model. It is, therefore, a significant improvement over Heckman’s self-selection specification for the linear regression model [77]. Specifically, this model has the following error structure:


    μ i  =      σ μ   U i      =  σ μ     U i    ,   w h e r e    U i  ~ N   0 , 1       v i  =      σ v   V i      =  σ v   V i  ,   w h e r e    V i  ~ N   0 , 1         μ i  ,  v i    ~  N 2      0 , 1   ,   1 ,  ρ  μ , v    σ v  ,  σ v 2        



(5)







As shown in Equation (5), the error term in Equation (1) is correlated with that in Equation (4), which lays out the basic assumption of the selectivity-corrected SPF model. It is to be noted that the correlation coefficient between the two error terms of Equation (1) and Equation (4), namely    ρ  μ , v    , represent the possible selection bias from unobserved factors [19,46]. That is, an insignificant    ρ  μ , v     would suggest that there exists no selection bias stemming from unobserved factors. We then proceeded to estimate the parameters of the selectivity-corrected SPF model following Greene by using a conventional gradient-based Broyden–Fletcher–Goldfarb-Shanno (BFGs) method and used the BHHH estimator to obtain the asymptotic standard errors [46].




3.2.3. Different Production Frontiers for E-commerce Adopters and Non-Adopters


The calculation of Equation (3) relies on the underlying assumption that all farmers have access to the same technology and share the same production frontier. However, with access to the internet and various online services, including training programmes for new technologies, e-commerce adopters may grow wheat with a different production frontier than that of non-adopters. In light of this, we need to identify whether the SPF estimation should be run for the whole sample or if separate frontiers are necessary for e-commerce adopters and non-adopters [19]. This can be achieved by a likelihood ratio test between the two groups of farmers [75]. Specifically, the estimated likelihood ratio (LR) can be estimated as follows:


  L R = − 2   l n  L p  −   l n  L m  + l n  L  n m        



(6)




where   l n  L p   ,   l n  L m   , and   l n  L  n m     represent the log-likelihood function values obtained from the SPF model for the pooled sample, two separate SPFs models for e-commerce adopters and non-adopters, respectively. The null hypothesis is that the two groups have the same technology in wheat production. If such hypothesis is rejected, we need to respectively estimate the parameters for two groups of wheat farmers as they have different production frontiers [46], expressed as follows:



E-commerce adopters:


  l n    Y i      =  η 0  +   ∑   j = 1  6   η j  l n X +   1 − ϕ    φ i   ρ i  +  τ i   



(7)







Non-adopters:


  l n    Y i      =  ξ 0  +   ∑   j = 1  6   ξ j  l n X +   1 − ϕ    ς i   ρ i  +  ω i   



(8)




where    Y i    and    X i    are defined as previously;    ρ i    refers to the selectivity-correction term, which is calculated based on the propensity scores matching as mentioned above;    η 0    and    ξ 0    are constant terms;    φ i   ,    ς i   ,    η j   , and    ξ j    are parameters to be estimated;    τ i    and    ω i    are random errors.



We can, therefore, calculate the technical efficiency scores following these steps. First, we estimated a pooled SPF estimation that includes a dummy variable representing e-commerce adoption. Second, we estimated two separate SPF models, one for e-commerce adopters and another for non-adopters. Third, we performed a likelihood ratio test to examine if there were technical differences. Forth, where such differences were present, we respectively estimated the two production frontiers for both adopters and non-adopters. And fifth, we calculated the technical efficiency scores for both adopters and non-adopters, using matched and unmatched samples, respectively, and drew conclusions therefrom.






4. Results


4.1. Descriptive Results


We present descriptive statistics for the variables in Table 1. Following the previous literature exploring the causes and impacts of e-commerce, we modelled the sample selection equation (i.e., determinants of rural e-commerce adoption) as a function of both household heads’ characteristics (e.g., age, gender, education level, health status) and household characteristics (e.g., household size, cultivated land size, the availability of high-speed internet and mobile phones) [33,35,36]. For the stochastic production frontier function, we modelled the wheat output per unit of land as a function of the four main categories of inputs (e.g., labour, seedlings, fertilizers, and pesticides) [60,78]. Land was not necessary because the dependent variable was wheat production per unit of land (i.e., yield) instead of the total wheat production of the household. A detailed description of the selected variables is presented in Table 1.



We present the mean differences of inputs and output variables used to estimate the production frontier models in Table 2. We express both the inputs and output variables in natural logarithms, as this is the functional form in the estimation of the Cobb–Douglas stochastic production frontier model [19,79]. To correct issues of zero values for certain input variables (e.g., some farmers do not hire labour in their smallholder production), we followed the literature and employed a dummy variable technique [80]. As shown below, the wheat yield of e-commerce adopters was generally higher than that of non-adopters. Several input variables, including seedlings, fertilizers, and pesticides, also exhibited differences between these two groups. While the information on the level of output and input reported in the descriptive table is informative, the higher yield of adopters compared to non-adopters does not necessarily mean that the productivity or technical efficiency is higher for adopters than non-adopters because yield is affected by input use. We will need to rely on the econometrics analysis to separate the effects of e-commerce on technical efficiency from other confounding effects, including the input effects and selection effects caused by unobservables, which is the focus of the next section.




4.2. Empirical Results


4.2.1. Matching


As discussed above, we used propensity score matching to control selection bias stemming from observed factors [74,75,76]. A four-nearest-neighbour replaceable matching with a calliper of 0.01 is employed in our study. In doing so, we first estimate a logit model to identify factors affecting farmers’ e-commerce adoption, and the results are reported in Table 3.



There are several interesting findings regarding what drives farmers’ willingness to e-commerce adoption (Table 3). For example, age, gender, and education level of the household head are important factors, as these are found to be significantly correlated with the farmer’s decision to adopt e-commerce. Generally, a younger, male household head with a longer education is more likely to participate in e-commerce. Moreover, the local ICT infrastructure is very important, as households’ access to the high-speed internet and mobile phones are also crucial factors. When combined, these results yield, as they reveal what factors affect the adoption of e-commerce, and this not only resonates with the existing literature [33,35] but also yields important insights for both scholars and policymakers.



A key assumption underlying the validity of PSM is the balance of matching variables between the treated and the control group after the matching [81,82]. We therefore employed a balancing test to check how the matching process fulfilled the balancing objective. The results of the balancing test are given in Table 4 and Figure 1.



As seen in Table 4, the matching has significantly improved the balance of variables between e-commerce adopters and non-adopters. The differences between major variables are mostly reduced to 10 per cent, indicating a fitting matching that accomplishes the balancing condition of the covariates [83]. Furthermore, while the mean difference between the treatment and control groups is statistically significant at 1% for seven variables before matching, all the variables are insignificant except for the head’s health, which is significant at 10% after matching, suggesting that the quality of matching is high. Figure 1 presents in a more direct way the density of the common support region between adopters and non-adopters before and after matching. Panel (a) shows a large common support of propensity scores between the adopters and non-adopters. Except at the end of the right tail (score > 0.9), there are overlapping scores between adopters and non-adopters. The large common support region is another criterion for matching quality. Panel (b) shows the propensity scores for the treatment and control groups based on the matched sample. It is not surprising that the common support covers the entire region of the propensity scores and that the score distributions are almost the same between the adopters and non-adopters. With a satisfactory matching quality, we estimate Greene’s selectivity-correction term using the calculated propensity scores and apply it in the stochastic frontier model [46].




4.2.2. Production Frontier Estimates


We employed the Cobb–Douglas stochastic frontiers using the inputs and output variables that are measured by the natural logarithm [46,72]. In doing so, we first performed a likelihood ratio test to examine if the technology differences between e-commerce adopters and non-adopters were significant [19]. This test was estimated based on Equation (6), which resulted in a likelihood ratio test statistic of 65.32 (p = 0.000). Therefore, we proceeded to separately estimate the frontiers for each group, as this would provide us with more accurate results. Based on Equations (7) and (8), we conducted the maximum likelihood estimates of the conventional and selectivity-corrected SPF using the matched samples and present the results in Table 5. We also present the results based on the unmatched samples in Table A1 for comparison.



The fact that the selectivity correction term ( ρ ) in both selectivity-corrected SPF models is significant indicates the presence of selection bias in the adoption of e-commerce. The conventional SPF model is, therefore, biased in the estimation. The selectivity-corrected SPF model with PSM in this study is justified [18,19,20,46]. However, for comparison reasons, we report the results from both the conventional and selectivity-corrected SPF models.



As seen in Table 5, the coefficient for the e-commerce adoption is positive and statistically significant in both the conventional and the selectivity-corrected SPF models based on all pooled samples. Our findings that the adoption of e-commerce has a positive and significant effect on wheat yield are in line with existing studies about the impact of ICTs on agricultural production and technical efficiency [12,31,60]. Regarding the traditional production inputs, we find that seedlings, fertilizers, and pesticides all contribute positively to wheat yield, as the coefficients of these three variables are positive and significant (albeit less consistent for pesticide) across both SPF models in all groups of samples. These three factors have the potential of contributing to higher agricultural production, since the adoption of e-commerce reduces the input costs for seedlings and fertilizers as indicated in Table 2. It is interesting to note that the labour inputs are not statistically significant in all the regressions, a result that is in line with other studies based on household survey data [27]. It suggests that labour is not a constraint for wheat farmers, which may be explained by the fact that rural labour in developing countries is usually surplus, whereas its marginal effect is low.




4.2.3. Technical Efficiency Scores


Based on the SPF models estimated above, we calculated the TE scores of wheat farmers from both the conventional and selectivity-corrected SPF models using matched samples, and present the results in Table 6. For a more comprehensive analysis, we also present the results using unmatched samples in Table A2.



When estimating using pooled samples, there are no significant differences between the TE scores of adopters and non-adopters. However, a previous analysis has demonstrated the existence of different technology and production frontiers for adopters and non-adopters, which suggests that we should estimate the SFP using separated samples. In doing so, we show that the TE scores of e-commerce adopters range from 0.79 to 0.82, and from 0.75 to 0.80 for non-adopters. Significant differences are observed regardless of the SPF specification and sample selection. To further address the selection bias, the estimates of the selectivity-corrected SPF models using matched samples were presented. This showed that the TE score of e-commerce adopters was about 0.82, and 0.80 for non-adopters. On average, e-commerce adopters and non-adopters could increase production by 18 per cent and 20 per cent using their current input quantities. The adoption of e-commerce increased the TE score by approximately 2.75 per cent.



Our results agree with previous studies on ICTs and TE improvement. For example, Zheng et al. discovered that internet adoption improves TE for banana farmers by 3.4 per cent [12], while Kelemu demonstrated that mobile phones improve TE for wheat farmers by 7 per cent [60]. In association with these studies, our findings reaffirm that the adoption of ICTs may improve TE for smallholder farmers. It is easily noted that in all separate models, e-commerce adopters have a higher level of TE score compared with that of non-adopters, and there exists a significant efficiency gap. The findings further confirm that e-commerce adopters and non-adopters perform differently in terms of technology adoption.



We also present the distribution of technical efficiency scores estimated by a selectivity-corrected SPF model for matched samples in Figure 2. A similar graph for unmatched samples is presented in Figure A1. Jointly, these two figures suggest a significant difference between the TE scores of e-commerce adopters and non-adopters. For example, about 70 per cent of adopters have a TE score between 0.71 and 0.90 when estimated using unmatched samples. This ratio increases to about 80 per cent when using matched samples, and similar increments occur with non-adopters. Altogether, they indicate that the technical efficiency level of adopters was higher than that of their counterparts in the median-high level, where their percentage of farmers was also larger. Hence, we provide a piece of evidence that the adoption of e-commerce does improve technical efficiency.






5. Conclusions


Improving the technical efficiency of smallholder farmers is crucial for food security and rural development all across the world. While there are certain constraints to achieving this goal, recent years of ICT development and e-commerce adoption are generating new potentials. Although the world has witnessed the rapid development of rural e-commerce, little attention has been paid to understanding how e-commerce affects the technical efficiency of crop production for smallholder farmers. To bridge the research gap, this paper uses data collected from wheat farmers in China to estimate the impact of e-commerce adoption on crop technical efficiency. A matched group of e-commerce adopters and non-adopters is determined using a propensity score matching technique to address biases stemming from observed variables, whereas the selectivity-corrected stochastic frontier model is used to control bias stemming from unobservable factors.



The results reaffirm the presence of selection bias and justify the technique employed in this paper. An estimation from separate stochastic production frontiers reveals that technical efficiency is consistently higher for e-commerce adopters than that of their counterparts. Specifically, technical efficiency ranges from 0.79 to 0.82 for e-commerce adopters and from 0.75 to 0.80 for non-adopters depending on how biases were controlled. The differences between the two groups are coherently significant. After controlling for the selection bias stemming from both observable and unobservable factors, the average technical efficiencies for e-commerce adopters and non-adopters are found to be 0.82 and 0.80, respectively. The adoption of e-commerce improves 2.75 per cent of technical efficiency in wheat production.



There are several policy implications deriving from our results. Firstly, the finding of a positive relationship between e-commerce adoption and the technical efficiency of smallholder wheat farmers suggests that policymakers and administrative entities should put forth policy incentives to encourage smallholder farmers to adopt e-commerce for an increment in agricultural productivity. For example, government and extension services could provide farmers with training programmes to enhance farmers’ understanding of the necessity and mechanism of e-commerce. Secondly, the finding that the farmers with higher education levels are more likely to adopt e-commerce indicates the importance of promoting education in rural societies, and hence the call for policy incentives for smallholder farmers to take longer, more intensive education. Thirdly, the finding that gender is crucial in the adoption of e-commerce, with a disproportionate favour for the male household head, has shown the importance to promote gender equality in rural development, as females should not be neglected in the process of technological inclusion and the benefits therein. Policymakers should use incentives to encourage more women to actively participate in the adoption of e-commerce as well as other ICTs. Finally, studies have shown that the ICT-related infrastructure, like communication networks, logistic systems, and high-speed internet construction play an important role in e-commerce development [33,35,69]. Our finding that e-commerce adoption improves wheat farmers’ production efficiency offers additional support to government investment in rural infrastructure to encourage the development of e-commerce.



Nevertheless, there are certain limits in our study that require further scholarly attention. While our findings have provided some evidence that farmers’ adoption of e-commerce is beneficial to the improvement of technical efficiency and crop production, we did not specify different models of rural e-commerce, which may be an important factor driving farmers’ willingness to adopt e-commerce. Moreover, the data we employ are cross-sectional due to various limitations in data collection, mainly because the development of Chinese rural e-commerce was so fast in the past years and no existing large dataset had considered relevant variables beforehand. The unavailability of panel data is the main drive for the implementation of different methodologies. With the increasing scholarly attention on rural e-commerce, the availability of panel data is expected in the near future, and a more robust analysis will be in order.
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Table A1. Parameter estimates for both the conventional and selectivity-corrected SPF models for unmatched samples.






Table A1. Parameter estimates for both the conventional and selectivity-corrected SPF models for unmatched samples.





	
Variables

	
Conventional SPF

	
Selectivity-Corrected SPF




	
Pooled

	
Adopters

	
Non-Adopters

	
Pooled

	
Adopters

	
Non-Adopters






	
E-commerce

	
0.619 ***

(0.165)

	

	

	
0.821 ***

(0.154)

	

	




	
Seedlings (ln)

	
0.067 *

(0.216)

	
0.045 **

(0.278)

	
0.082 *

(0.315)

	
0.057 **

(0.186)

	
0.047 **

(0.168)

	
0.068 **

(0.352)




	
Fertilizers (ln)

	
0.058 *

(0.188)

	
0.049 **

(0.330)

	
0.065 *

(0.212)

	
0.049 **

(0.254)

	
0.038 *

(0.425)

	
0.057

(0.214)




	
Pesticides (ln)

	
0.134 *

(0.091)

	
0.106 *

(0.122)

	
0.145

(0.275)

	
0.188 *

(0.107)

	
0.112

(0.180)

	
0.214 *

(0.142)




	
Hired Labour (ln)

	
0.017

(0.064)

	
0.016

(0.029)

	
0.022 *

(0.033)

	
0.024

(0.086)

	
0.018

(0.008)

	
0.037

(0.023)




	
Family Labour (ln)

	
0.058

(0.066)

	
0.088

(0.109)

	
0.048 *

(0.124)

	
0.078

(0.082)

	
0.056

(0.126)

	
0.104

(0.036)




	
Constant

	
6.359 ***

(0.136)

	
6.983 ***

(0.207)

	
7.036 ***

(0.330)

	
6.832 ***

(0.210)

	
7.017 ***

(0.259)

	
7.264 ***

(0.325)




	
Log Likelihood

	
232.406

	
136.322

	
125.625

	
227.323

	
124.438

	
109.436




	
   σ  v    

	
0.241 ***

	
0.277 ***

	
0.203 *

	
0.234 ***

	
0.265 ***

	
0.267 **




	
   σ  μ    

	
0.336 ***

	
0.378 ***

	
0.302 *

	
0.302 ***

	
0.307 **

	
0.312 *




	
  λ  

	
8.109 ***

	
9.159 ***

	
7.287 *

	
8.242 ***

	
8.738 ***

	
7.963 *




	
Selectivity correction term ( ρ )

	

	

	

	
−0.296 ***

(0.068)

	
−0.207 ***

(0.053)

	
−0.036 *

(0.071)




	
Sample size

	
371

	
105

	
266

	
371

	
105

	
266








Standard errors are presented in parentheses. *** p < 0.01; ** p < 0.05; * p < 0.1.
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Table A2. Technical efficiency levels for unmatched samples.
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	Pooled
	Adopters
	Non-Adopters
	Diff.





	Unmatched samples
	
	
	
	



	Conventional SPF (Pooled)
	0.80 (0.07)
	0.80 (0.00)
	0.79 (0.01)
	0.008



	Conventional SPF (Separated)
	
	0.78 (0.00)
	0.75 (0.00)
	0.038 ***



	Selectivity-corrected SPF (Separated)
	
	0.79 (0.00)
	0.76 (0.01)
	0.027 ***







Standard errors are presented in parentheses. *** p < 0.01.
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Figure A1. Efficiency levels estimated by selectivity-corrected SPF for the unmatched samples. 
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Figure 1. Propensity scores before (a) and after (b) matching. 
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Figure 2. Efficiency level estimated by a selectivity-corrected SPF model for the matched samples. 
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Table 1. Variable definition and summaries.






Table 1. Variable definition and summaries.





	
Variables

	
Descriptions

	
Mean (S.D.)






	
Variables used in sample selection equations




	
E-commerce

	
1 if household operates an online e-commerce business, 0 otherwise

	
0.28




	
Age

	
Age of household head in years

	
45.96 (12.37)




	
Gender

	
1 if household head is male, 0 otherwise

	
0.98 (0.15)




	
Education

	
Total years of education received of the household head

	
7.63 (3.51)




	
Health

	
Self-reported health status of household head, ranging from 1 = very bad to 5 = very well

	
4.52 (0.99)




	
Cadre

	
1 if household head is a village cadre, 0 otherwise

	
0.08 (0.28)




	
Household Size

	
Number of residents in the household

	
4.60 (1.61)




	
Access to Internet

	
1 if household has access to high-speed internet, 0 otherwise

	
0.73 (0.45)




	
Land Size

	
Cultivated land size of household in hectares

	
0.61 (2.48)




	
Phone

	
Numbers of mobile phones owned by household

	
3.08 (1.39)




	
Variables used in production frontier models




	
Output

	
The yield of wheat output (100 kg per hectare)

	
67.05 (13.35)




	
Seedlings

	
Expenditure on seedlings (100 USD per hectare)

	
0.40 (0.10)




	
Fertilizers

	
Expenditure on fertilizers (100 USD per hectare)

	
0.88 (0.28)




	
Pesticides

	
Expenditure on pesticides (100 USD per hectare)

	
0.20 (0.11)




	
Family Labour

	
Numbers of family labour input (days per hectare)

	
302.40 (272.40)




	
Hired Labour

	
Expenditure on hired labours (100 USD per hectare)

	
0.60 (0.20)
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Table 2. Mean differences of variables used in the SPF models.
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	Variables
	Adopters
	Non-Adopters
	Diff.





	Wheat Output (ln)
	5.39 (0.02)
	5.34 (0.02)
	0.05 *



	Seedlings (ln)
	3.46 (0.03)
	3.55 (0.02)
	−0.09 **



	Fertilizers (ln)
	4.22 (0.05)
	4.30 (0.02)
	−0.09 *



	Pesticides (ln)
	2.73 (0.10)
	2.71 (0.05)
	0.18 *



	Hired Labour (ln)
	3.84 (0.05)
	3.91 (0.03)
	−0.07



	Family Labour (ln)
	1.78 (0.11)
	1.74 (0.07)
	0.04



	Sample size
	266
	105
	371







Standard errors are presented in parentheses. ** p < 0.05; * p < 0.1.
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Table 3. Factors concerning e-commerce adoption using Logit regression.
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	Variables
	Unmatched
	Matched





	Age
	−0.084 ***

(0.016)
	−0.046 ***

(0.009)



	Gender
	−3.102 **

(1.297)
	−1.636 **

(0.681)



	Education
	0.124 **

(0.050)
	0.077 **

(0.028)



	Health
	0.221

(0.213)
	0.116

(0.117)



	Cadre
	−0.695

(0.655)
	−0.487

(0.376)



	Household Size
	0.050

(0.129)
	0.046

(0.074)



	Access to Internet
	3.374 ***

(1.049)
	1.559 ***

(0.403)



	Land Size
	−0.025

(0.028)
	−0.017

(0.019)



	Phone
	0.420 ***

(0.152)
	0.231 *

(0.084)



	Constant
	−0.428

(2.128)
	−0.155

(1.153)



	Sample size
	371
	344







Standard errors are presented in parentheses. *** p < 0.01; ** p < 0.05; * p < 0.1.
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Table 4. Mean difference of variables used in the sample selection.
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Variables

	

	
Mean

	
Bias(%)

	
Reduced Bias(%)

	
t-Test




	

	

	
Adopters

	
Non-Adopters

	

	

	
Statistic

	
p-Value






	
Age

	
Unmatched

Matched

	
41.48

42.16

	
53.31

43.81

	
−106.2

−14.8

	
86.1

	
−9.18

−1.05

	
0.000

0.294




	
Gender

	
Unmatched

Matched

	
0.97

1.00

	
0.98

1.00

	
−3.8

0.0

	
100.0

	
−0.34

-

	
0.735

-




	
Education

	
Unmatched

Matched

	
9.02

8.72

	
7.08

8.79

	
59.5

−2.0

	
96.7

	
4.95

−0.16

	
0.000

0.871




	
Health

	
Unmatched

Matched

	
4.85

4.84

	
4.38

4.84

	
54.3

0.6

	
98.8

	
4.22

0.06

	
0.000

0.955




	
Cadre

	
Unmatched

Matched

	
0.03

0.04

	
0.10

0.03

	
−25.0

5.5

	
78.1

	
−1.99

0.49

	
0.047

0.626




	
Household Size

	
Unmatched

Matched

	
4.97

4.94

	
4.45

5.17

	
33.9

−14.4

	
57.6

	
2.85

−1.09

	
0.005

0.277




	
Access to Internet

	
Unmatched

Matched

	
0.99

0.99

	
0.62

0.98

	
106.4

2.4

	
97.8

	
7.80

0.45

	
0.000

0.651




	
Land Size

	
Unmatched

Matched

	
0.33

0.33

	
0.72

0.35

	
−18.7

−1.1

	
94.2

	
−1.36

−0.61

	
0.176

0.541




	
Phone

	
Unmatched

Matched

	
3.49

3.37

	
2.92

3.72

	
40.9

−25.9

	
36.7

	
3.57

−1.82

	
0.000

0.070
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Table 5. Parameter estimates for both the conventional and selectivity-corrected SPF models for matched samples.
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Variables

	
Conventional SPF

	
Selectivity-Corrected SPF




	
Pooled

	
Adopters

	
Non-Adopters

	
Pooled

	
Adopters

	
Non-Adopters






	
E-commerce

	
0.630 ***

(0.183)

	

	

	
0.803 ***

(0.157)

	

	




	
Seedlings (ln)

	
0.074 **

(0.242)

	
0.049 **

(0.256)

	
0.079 *

(0.315)

	
0.063 **

(0.158)

	
0.050 **

(0.174)

	
0.070 *

(0.374)




	
Fertilizers (ln)

	
0.052 *

(0.189)

	
0.047 **

(0.134)

	
0.054 *

(0.168)

	
0.050 **

(0.243)

	
0.037 **

(0.452)

	
0.059 *

(0.217)




	
Pesticides (ln)

	
0.127 *

(0.097)

	
0.112 **

(0.182)

	
0.135

(0.247)

	
0.176 *

(0.109)

	
0.134

(0.168)

	
0.225 *

(0.173)




	
Hired Labour (ln)

	
0.020

(0.068)

	
0.019

(0.030)

	
0.023 *

(0.047)

	
0.023

(0.092)

	
0.020

(0.009)

	
0.028

(0.057)




	
Family Labour (ln)

	
0.061

(0.069)

	
0.083

(0.136)

	
0.052 *

(0.162)

	
0.063

(0.031)

	
0.057

(0.124)

	
0.088

(0.063)




	
Constant

	
5.988 ***

(0.156)

	
6.125 ***

(0.187)

	
6.367 **

(0.321)

	
6.268 **

(0.261)

	
6.326 ***

(0.339)

	
6.466 ***

(0.331)




	
Log Likelihood

	
205.536

	
128.424

	
123.725

	
207.557

	
133.793

	
124.462




	
   σ  v    

	
0.278 ***

	
0.265 ***

	
0.213 *

	
0.247 ***

	
0.246 ***

	
0.231 *




	
   σ  μ    

	
0.312 ***

	
0.332 ***

	
0.298 **

	
0.336 **

	
0.305 **

	
0.341 *




	
  λ  

	
8.874 ***

	
9.171 ***

	
7.253 *

	
8.613 **

	
8.972 **

	
8.423 *




	
Selectivity correction term ( ρ )

	

	

	

	
−0.303 ***

(0.088)

	
−0.273 ***

(0.057)

	
−0.053 *

(0.057)




	
Sample size

	
344

	
90

	
254

	
344

	
90

	
254








Standard errors are presented in parentheses. *** p < 0.01; ** p < 0.05; * p < 0.1.
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Table 6. Technical efficiency levels.






Table 6. Technical efficiency levels.












	
	Pooled
	Adopters
	Non-Adopters
	Diff.





	Matched samples
	
	
	
	



	Conventional SPF (Pooled)
	0.80 (0.07)
	0.80 (0.00)
	0.79 (0.01)
	0.009



	Conventional SPF (Separated)
	
	0.79 (0.00)
	0.77 (0.00)
	0.021 ***



	Selectivity-corrected SPF (Separated)
	
	0.82 (0.00)
	0.80 (0.00)
	0.022 ***







Standard errors are presented in parentheses. *** p < 0.01.
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