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Under contract farming, companies usually develop compulsory standardized technical systems for farmers in developing economies. However, in actual production, farmers often have differences in adoption intensity. Using data from 384 households and multinomial endogenous treatment effect regression, this study analyzes factors affecting the adoption intensity of farmers regarding standardized technical systems and estimates the impacts of adoption intensity of the standardized technical systems on household incomes in Chongqing, China. We adapt a multinomial endogenous treatment effect regression framework to correct for selection bias and endogeneity originating from both observed and unobserved heterogeneity. The results show that some factors could significantly affect the adoption intensity, such as farmers, satisfaction with technicians, perception of technology, attitude toward risks of adopting technologies, number of technical trainings, the proportion of leased land, and distances to townships and technology extension stations. Different from current perspectives, the results also indicate that the highest adoption intensity of farmers regarding standardized technical systems does not bring the greatest benefits. Based on the characteristics of a plot, medium adoption intensity has a significant effect on quality improvements and income growth. The conclusion of this study provides an empirical basis for the formulation and evaluation of policies for farmers that apply standardized technology systems in developing countries.
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1 INTRODUCTION
Advanced agricultural technologies are critical for combating climate change, increasing agricultural productivity and farmers’ welfare, and ensuring food security (Tesfaye et al., 2020; Hörne and Wollni, 2021). Academicians have conducted studies on the effects of adopting a single technology (Manda et al., 2020), a combination of technologies (Hörner and Wollni, 2022), and complex technological systems (Nakano et al., 2018) on farmers’ input, yield, and income.
The binary analysis framework is commonly used in existing studies on technology adoption, but in reality, most agricultural technology adoption is partial, dynamic, and progressive (Arslan et al., 2014). Some scholars have pointed out that the use of dichotomy was oversimplified, potentially resulting in the misleading conclusion (Foster and Rosenzweig, 2010; Brown et al., 2017). For a deeper study on technology adoption, some scholars have analyzed it from a perspective of adoption intensity, such as the impact of adoption intensity on differences in yield and income.
Most studies on adoption intensity use the proportion of the cultivated land area with technology applied (Ainembabazi et al., 2018; Mwaura et al., 2021; Thompson et al., 2021), the cumulative number of different technologies adopted (Isgin et al., 2008; Sharma et al., 2011; Gao et al., 2019; Kolady et al., 2021), or adoption intensity indicators (Kabir and Rainis, 2015; Rodthong et al., 2020). Gao et al. (2017) used the reduction rate of chemical pesticides per acre before and after the adoption of green control techniques (GCT), and Yahaya et al. (2019) used the number of acres from the total cultivable land used for the System of Rice Intensive (SRI) practices. Noltze et al. (2012) used cultivated land area, and Ainembabazi et al. (2018) used the proportions of improved varieties in the total yield and among agricultural products on the market to represent the adoption intensity of different technologies. An examination of the aforementioned studies on adoption intensity shows that existing studies generally ignore the behavior of technology implementers. The pursuit of leisure by household labor, difficulty in supervising hired labor, and timing requirements for input-based technologies, such as pesticides and fertilizers, could have an impact on adoption intensity, which in turn affects yield and income.
In terms of the factors that affect adoption intensity, several researchers (e.g., Sharma et al., 2011; Li et al., 2021; Thompson et al., 2021) conducted empirical studies on the factors of adoption intensity of different technologies and found that due to the heterogeneity of technologies, the impact direction and effect degree of different factors varied. Rodthong et al. (2020) and Kolady et al. (2021) observed that farmers’ technology adoption decisions and adoption intensity were two different choices and that some factors affecting initial technology adoption decisions were similar and some different.
There are few empirical studies on the impact of adoption intensity on income. Ainembabazi et al. (2018) found that the adoption intensity of agricultural research-for-development (AR4D) technologies in Central Africa had different effects on the welfare of poor farmers at different levels. Gao et al. (2019) found that compared with family farms that did not adopt GCTs, the welfare of family farms with high and low intensity of GCTs in China increased by 22.63% and 16.42%, respectively. In the study by Gao et al. (2019), the adoption of two or more sub-technologies was considered high intensity, and the adoption of one sub-technology was considered low intensity, which was a simple classification, ignoring differences among sub-technologies. Ma and Wang (2020) found that the use of the internet by Chinese farmers increased the adoption intensity of sustainable agricultural practices (SAPs). The 25th and 75th quantiles of adoption of SAPs were negatively correlated with farmers’ income and the highest negative effect occurred at a high quantile. Mensah-Bonsu et al. (2017) found that the number of land and water management practices (LWMPs) used by Ghana maize farmers was negatively correlated with land productivity (yield) and that the net effect of LWMPs was negative, i.e., adopting more LWMPs may not result in high land productivity.
The aforementioned literature review shows that farmers face increasingly complex agricultural technologies, there are often complex interactions between technologies, and there are significant differences in land endowment; therefore, it is necessary to extensively study the impact of differences in adoption intensity on income. However, studies in this area are rare. Tobacco is a critical crop its production is relatively labor- and technology-intensive, yet it is an important cash crop in many developing countries (Appau et al., 2020; Talukder et al., 2020; Wouter, 2020; Shonhe and Scoones, 2022). Dimara and Skuras (1998) investigated actors of the adoption of new varieties of flue-cured tobacco by farmers in Greece, and Omara et al. (2021) analyzed views and factors of the adoption of rocket barn technology by farmers in Uganda. Other than the aforementioned studies, there are very few published studies on the influence of tobacco technology adoption on income. Contract production of tobacco is practiced globally (Wang et al., 2014; Scoones et al., 2018) and requires farmers to implement tobacco production following established technical standards. This contract system has greatly improved the technical level and productivity of small farmers (Kuijpers and Swinnen, 2016; Mao et al., 2019), which also benefits the environment.
China implements strict quota management on tobacco production; tobacco farmers must sign a contract with tobacco companies to plant tobacco, and the production process must be conducted in strict accordance with the standardized technical system developed by the companies. It is generally believed that the high intensity of standardized technical systems by tobacco farmers is conducive to the income growth. However, there are often differences in the adoption intensity of tobacco farmers because of subjective and objective reasons. The purpose of this study is to examine factors affecting the adoption intensity of standardized technical systems by tobacco farmers and the effects of adoption intensity differences on the income of tobacco farmers. This study not only obtains empirical results in terms of the factors of adoption intensity and the impact on income but also finds that different from empirical judgment, the highest adoption intensity of standardized technical systems by tobacco farmers does not generate the greatest benefits.
This study guides tobacco farmers to reduce unnecessary technical input and improve input-output efficiency, and also has significance for protecting the environment and realizing sustainable development. The conclusion of our research study also can be used as a reference for other cash and grain crops and can help farmers in other regions of China and developing countries adopt appropriate technology intensity, which can maximize the output of limited resources taking into account social and environmental benefits.
The remainder of the study proceeds as follows: materials and methods are presented in Section 2. Section 3 describes the empirical results of the study. Section 4 reports the discussion and Section 5 highlight our major findings and conclude on policy implications.
2 MATERIALS AND METHODS
2.1 Study area
The planting area and yield of tobacco in China rank first in the world. Chongqing is located in the southwest of China, as one of the major areas for tobacco planting. Its planting area is distributed in 12 districts and counties in the Three Gorges Reservoir and Wuling Mountain area (see Figure 1). In 2018, the area was 4,05,700 mu (1 mu = 1/15 hectares), and 46.7 million kg of flue-cured tobacco was purchased. The average altitude of tobacco planting areas (typical mountainous areas) in Chongqing is 800–1,400 m, and tobacco is one of the few cash crops in these areas similar to that in Indonesia and the Philippines (Appau et al., 2019). Because of the long-term planting of tobacco in Chongqing, it is generally difficult to realize fallow tillage and crop rotation, resulting in continuous land degradation, serious ecological environmental pollution, frequent occurrence of pests and diseases, increasing production risks, and increasing planting costs, which restrict high and stable yields as well as quality improvements in tobacco production (Chen et al., 2018; Reichert et al., 2019). This seriously impacts the income of tobacco farmers.
[image: Figure 1]FIGURE 1 | Distribution of tobacco production of Chongqing in China.
2.2 Standardized technical systems for tobacco production
Chongqing Tobacco Company (CTC) established the ISO9000 quality management system for tobacco production in 2008, implemented the Good Agricultural Practices (GAPs) for tobacco in 2012, incorporated standardized production and protective agricultural practices into sustainable development goals, and established written requirements, such as prohibitions on the use of high-residue fertilizers and pesticides, in planting contracts. Based on natural conditions of tobacco planting areas, CTC has explored and developed a standardized technical system for the entire production process, including raising seedlings, tillage preparation, transplanting, field management, plant protection, fertilization, harvesting, and flue-curing, and provides standardized requirements for each key production link.
At the beginning of each year, CTC publishes 42 tobacco purchasing prices and signs planting contracts with tobacco farmers, formally agreeing on planting areas and purchase amounts. Tobacco technology extension stations are set up in various production areas, and farmers establish cooperatives (tobacco farmers are members of cooperatives) to help solve technical difficulties during the production process. However, in reality, many tobacco farmers have different adoption intensities of standardized technical systems due to subjective and objective reasons.
2.3 Data collection
In this study, a semi-structured questionnaire survey was conducted in 12 tobacco-producing districts/counties in Chongqing from March to June of 2019; 500 questionnaires were distributed. The sample size of one district/county was proportional to its tobacco production quota. Tobacco-growing villages were randomly selected for household surveys by professionals. Before the survey officially started, in February of 2019, a pre-survey was conducted in Qianjiang District, one of the main producing areas, to improve the design of the questionnaire and the survey process.
The questionnaire collected basic information about tobacco farmers, information about their families, perceptions of tobacco production technology, and adoption of the standardized technical system in 2018. The actual tobacco purchasing data in 2018 were obtained from the Chongqing Tobacco Science Research Institute affiliated with CTC; the data included sales volume, average sales price, and sales revenue of each farmer.
Referring to the work of Suri (2011), the income function is approximated by the total income function of technology adoption. Therefore, household labor was not included in the cost calculation, and the questionnaire did not collect relevant data on the production costs of tobacco farmers.
There were 384 valid questionnaires, an effective rate of 76.8%. A possible reason for this low rate is that the questionnaire data were matched with the tobacco farmer information provided by the Chongqing Tobacco Science Research Institute, and tobacco farmers with incomplete data or who did not plant tobacco in 2018 were excluded to ensure most accurate results.
2.4 Variable selection
Explanatory variables were selected based on a the theoretical analysis of existing studies of adoption intensity (Feder et al., 1985; Sharma et al., 2011; Omara et al., 2021). In addition to the head of household, household, and plot characteristics, following variables were also considered based on the actual conditions of the tobacco farmers in Chongqing:
The distance to the nearest township: this variable reflects the transaction costs of purchasing production inputs and hiring workers and affects the availability of new technologies, information, and credit institutions;
The distance to the nearest tobacco technology extension station: this variable reflects how convenient it is for tobacco farmers to obtain the technical information and technical guidance from tobacco technicians;
Loan: tobacco farmers can easily obtain bank credit support through planting contracts, and the collected information only reflects the conditions of tobacco farmers who need loans.
Satisfaction with tobacco technicians: tobacco technicians are responsible for promoting the standardized technical system and training and guiding tobacco farmers. Additionally, tobacco technicians are also responsible for supervising tobacco farmers and helping them solve difficulties in the adoption of technologies taking into account their needs. The technical service level of tobacco technicians directly affects farmers’ understanding and adoption of new technologies.
Number of technical training: considering that providing technical training to tobacco farmers by CTC and providing technical guidance to tobacco farmers by tobacco technicians are routine practices, the number of technical training in which farmers participated is used to reflect their understanding and mastery of the standardized technical system.
The proportion of leased land: tobacco farmers in Chongqing generally achieve large-scale cultivation through leased lands, and the proportion of the leased land to the total area of the tobacco farmland is used to reflect the impact of land ownership.
Perception of technology: this study determined tobacco farmers’ perception of technology based on their self-assessment of the role of technology. A five-point Likert scale was used to measure tobacco farmers’ perception of technology, i.e., 1 = it is completely useless, 2 = it is not very useful, 3 = it is useful partly, 4 = it is more useful, and 5 = it is very useful.
2.5 Research methods
In terms of factors that affect adoption intensity, existing studies generally use count data models (Isgin et al., 2008; Sharma et al., 2011), Tobit models (Arslan et al., 2014), and double-Hurdle models (Thompson et al., 2021). In terms of the impact of technology adoption on income, existing studies generally use propensity score matching (PSM) (Nakano et al., 2018) to measure the average treatment effect on the treated (ATT) and average treatment effect on the untreated (ATU). However, PSM can only correct the problem of sample selection bias caused by observable factors but it fails to explain the impact of unobservable factors (Fischer and Qaim, 2012), potentially leading to bias in estimates (Abdulai, 2016). In addition, multinomial endogenous switching regression (MESR) is applied to multi-valued processing and to explain the observable and unobservable factors that affect the allocation and outcome of the treatment (Hörne and Wollni, 2022). Yet, it cannot estimate the average effect of the treatment from one treatment level to another. Based on the method used by Gao et al. (2019) to evaluate the impact of GCT adoption intensity on the welfare of Chinese farmers, the multinomial endogenous treatment effects (METE) model proposed by Deb and Trivedi (2006b) was used to assess the impact of adoption intensity on income.
Technology adoption decisions are the result of farmers’ optimization of expected utility or revenue, where revenue is a function of factors, such as land allocation, production technology, input costs, and output prices (Feder et al., 1985). Using Tesfaye et al. (2020) and Kolady et al. (2021) as references, the random utility framework was used to analyze adoption behavior related to standardized technical systems in tobacco production. Tobacco farmers may choose to maximize their utility [image: image] by comparing different adoption intensities; therefore, if [image: image], [image: image], tobacco farmers [image: image] could choose intensity [image: image] instead of any other intensity [image: image].
The METE model has two stages: the decision equation and the outcome equation. In the first stage of the model, farmers choose one of the aforementioned three intensities. Based on Deb and Trivedi (2006a), Deb and Trivedi (2006b), let [image: image] represent the indirect utility associated with the [image: image] th intensity combination, [image: image] = 0, 1, 2,…, and [image: image] represent the tobacco farmer:
[image: image]
where [image: image] is the vector of covariates discussed in Section 2.4, such as tobacco farmer and tobacco farmland characteristics; [image: image] is the vector of corresponding parameters to be estimated; [image: image] is an independently and identically distributed error term; [image: image] is a latent factor, which includes the unobservable characteristics of tobacco farmers and tobacco farmland shared by the adoption intensity and outcomes of tobacco farmers as well as the effects of observable factors that may be related to outcome variables (Pannell et al., 2014); [image: image] = 0 indicates a non-adopter, and [image: image] = 0. Although [image: image] is not observed, the observed selection of technical intensity is represented by a set of binary variables [image: image], which are collected by vectors [image: image]. Similarly, let [image: image], then the probability of treatment can be written as follows:
[image: image]
where [image: image] is the appropriate multinomial probability distribution. It is assumed that [image: image] has a mixed multinomial logit (MMNL) structure, which is defined as follows:
[image: image]
The MMNL model in Eq. 3 is estimated by using the mlogit command of STATA 14.
The second stage evaluates the impact of different adoption intensities on outcome variables, including the natural logarithms of YPM (yield per mu), ASPT (average sales price, ASPT = total tobacco income/total tobacco yield, which indirectly reflects the tobacco quality), and IPHL (income per household labor engaged in tobacco planting). The expected outcome formula is as follows:
[image: image]
In this equation, [image: image] is the output of tobacco farmers [image: image]; [image: image] represents exogenous covariates containing the parameter vector [image: image]; [image: image] represents the impact of adoption intensity on tobacco farmers’ output; [image: image] is the coefficient of [image: image]. If [image: image] is exogenous, the decision of adoption intensity is endogenous, resulting in inconsistent estimates of [image: image]. The variable [image: image] is a latent factor that indicates that the unobserved characteristic variables can not only affect the output but also the selection of technical intensity. The variable [image: image] is the loading factor, which represents the direction of correlation between the treatment effect and the outcome variable. When [image: image] is positive (negative), the treatment effect and outcome variable are positively (negatively) related through unobserved characteristics, i.e., positive (negative) choice exists. Because outcome variables are continuous, it is assumed that they follow a normal (Gaussian) distribution function. We estimate the model using the maximum simulated likelihood (MSL) method. When there is no analytical solution suitable for maximum likelihood estimation, simulation-based estimation is used to obtain the optimal solution. Output equations are estimated by using the command “mtreatreg” of STATA 14.
Instrumental variables are used to address the endogeneity of technology adoption decisions (Suri, 2011). Instrumental variables should affect technology adoption decisions but only through the effect of adoption on output. Based on Abdulai (2016), this study selects tobacco farmers’ attitudes toward the risks of adopting technologies as the instrumental variable. Tobacco farmers’ acceptance of new technologies is used to reflect their attitudes toward the risks of new technologies. Four types of adoption methods are described, i.e., 1 = did not adopt new technologies, 2 = adopted after others action, 3 = decided based on the result of the small area trial, and 4 = direct mass adoption. A simple falsification test was used to indicate that the selected instrumental variable is valid and relevant since it affects adoption intensity decisions (the significance of the instrumental variable in Table 1) but does not affect outcome variables (Table 2).
TABLE 1 | MMNL model estimation of the adoption intensity of tobacco farmers regarding the standardized technical system in Chongqing, China (the baseline is high intensity).
[image: Table 1]TABLE 2 | Validity tests for the selection instrument.
[image: Table 2]3 RESULTS
3.1 Characteristics of tobacco farmers’ adoption intensity of the standardized technical system
Table 3 reports the descriptive statistics of relevant variables. The adoption intensity is measured by the self-assessment of tobacco farmers on the adoption degree of the standardized technology system according to the interval of [0, 10]. Based on the distribution of survey samples, we divided the adoption intensity level into three categories: high, medium, and low. The distributions are shown in Table 4.
TABLE 3 | Descriptive statistics of variables.
[image: Table 3]TABLE 4 | Classification of tobacco farmers’ adoption intensity.
[image: Table 4]3.2 Determinants of different adoption intensities
Considering the characteristics of the logit model, the high intensity was used as the baseline, which is different from the study by Gao et al. (2019) because they used samples that did not adopt the technologies as the baseline. Table 1 shows the estimated parameters of the MMNL model, which is the first stage of the METE model. Wald test results indicate that the MMNL model fits well ([image: image] = 73.20; Prob > [image: image] = 0.0000), indicating that the null hypothesis is rejected.
Empirical results show that among these factors, first, satisfaction with tobacco technicians and several technical training are statistically significant for different intensities. Second, four indicators, i.e., the farmers’ education level, perception of technology, attitude toward risk, and the distance to the nearest township, have significant effects on high and low intensity but nonsignificant effects on medium intensity. Third, the distance to the nearest tobacco technology extension station and proportion of leased land have significant positive impacts on medium intensity.
Empirical results also show that tobacco farmers’ gender and age, family social capital, the household size, the number of tobacco farming labor, the farming area, and loans are not significant.
3.3 Average treatment effect of each adoption intensity
Table 5 shows estimated impacts of different adoption intensities on YPM, ASPT, and IPHL. The results of two normal regressions (the second stage) are shown in Table 6 (due to word count restraints, the results of the mixed multinomial treatment effect regression are not shown). High intensity is still used as the baseline, and average treatment results are estimated under the assumptions of exogenous and endogenous adoption decisions.
TABLE 5 | METE model estimation of the impact of different adoption intensities on the tobacco yield and household income in Chongqing, China (the baseline is high intensity).
[image: Table 5]TABLE 6 | Second stage estimates for YPM, ASPT, and IPHL.
[image: Table 6]Estimation results show that under the exogenous assumption, on average, effects of low and medium intensity on YPM, ASPT, and IPHL are not significant. After considering unobserved factors and treating the endogeneity, obtained average adoption results significantly improve in terms of effectiveness and significance. Low intensity has a significant negative impact on YPM and ASPT, whereas medium intensity has a significant positive impact on ASPT and IPHL. Compared with high intensity, for low intensity, on average, YPM of tobacco farmers significantly decreased by 13.10%, ASPT significantly decreased by 5.15%, and the change in IPHL was not significant. Although the results for YPM under medium intensity were not significant, ASPT increased by 2.95% and IPHL significantly increased by 23.50%.
4 DISCUSSION
4.1 Analysis of factors that affect adoption intensity
The empirical results show that in Chongqing, China, the factors that affect the adoption intensity of tobacco farmers include satisfaction with tobacco technicians, the number of technical training, the distance to the nearest tobacco technology extension station, the perception of technology, attitude toward risk, the distance to the nearest township, the proportion of leased land, and the education level.
The effect of tobacco technician satisfaction on high intensity is the most significant, followed by low and medium intensity, which indicates that the higher farmers’ satisfaction with technicians, the higher the adoption intensity of farmers. When farmers are highly satisfied with the service provided by tobacco technicians, they are more likely to accept and adopt the promoted standardized technical system.
The number of technical training had the most significant positive impact on medium-intensity, followed by low-intensity, and high-intensity adoption is the lowest, indicating that participation in more technical training leads to medium intensity. The results are quite different from that of Rodthong et al. (2020) and Mwaura et al. (2021). They proposed that participation in more technical training leads to high intensity. A reasonable explanation for results in this study is that with the increase in the amount of technical training, the farmers have a comprehensive and in-depth understanding of the standardized technical system and understand that the standardized technical system is constructed based on the commonality of the whole planting area. Because the standardized technical system does not fully consider the individuality of each plot, those farmers often adopt an appropriate intensity based on the characteristics of their plots rather than strictly adopting the standardized technical system based on the requirements of CTC.
Regarding distance to the nearest tobacco technology extension station, as the distance increases, farmers are more inclined to choose medium-intensity adoption of the standardized technical system. This finding is similar to that reported by Aryal et al. (2018), who found that increase in the distance to extension stations had a sustained negative impact on adoption intensity. Correspondingly, closer a technology extension station, the higher the adoption intensity of farmers because it is easier for farmers to obtain guidance from technicians. Additionally, it is easy for tobacco technicians to supervise the adoption of standardized technical systems by farmers.
Risk is an important aspect of farmers’ decision-making on the adoption of new technologies. Farmers’ opinions on risks and benefits of new technologies could affect their adoption decisions. It is generally believed that higher the risk appetite, higher the adoption intensity. The results indicate that tobacco farmers’ attitude to risk has a significant negative impact on low intensity, indicating that more open a tobacco farmer is toward risk, higher the adoption intensity.
Farmers’ perception of technology has a significant negative impact on low intensity, indicating that more farmers understand the role of technology, the higher their adoption intensity. In other words, if farmers believe that the standardized technical system is useful, adoption intensity increases. This finding is consistent with the results reported by Kabir and Rainis (2015) and Gao et al. (2017).
Regarding distance to the nearest township, there is a significant negative impact on low intensity, indicating that adoption intensity decreases with the increase in distance to the nearest township, i.e., farmers’ exhibit high intensity. This finding is contrary to results reported by Kunzekweguta et al. (2017), who found that the distance to the township had a significant negative impact on adoption intensity. The field survey in this study found that the farther tobacco farmers live from townships, fewer information sources they have; therefore, they are more inclined to strictly adopt standard technical systems. This result may be because if tobacco farmers live far from a township, they often worry about adverse effects caused by poor adoption.
The proportion of leased land reflects the situation of land ownership, and results show that the proportion of leased land has a significant positive impact on medium intensity, indicating that the higher the proportion of leased land, the more moderate of adoption intensity. This finding is different from results of previous studies. Kabir and Rainis (2015) and Mwaura et al. (2021) found that land ownership had a positive impact on adoption intensity, and Aryal et al. (2018) found that the adoption intensity of climate-smart agriculture (CSA) in plots cultivated by owners was significantly higher than that in leased plots. Because positive effects of some agricultural technologies usually have time lags (Giller et al., 2009), land tenants need to balance short-term profits and long-term investment returns. In this study, tobacco farmers with a large proportion of leased land may implement specialized production and large-scale operations, have a relatively professional understanding of standard technical systems and plots, and often do not completely adopt standardized technical systems.
In terms of education, the results of medium and low intensity are positive, but the result of medium intensity is not significant. The possible reason is that tobacco farmers in Chongqing generally have a low level of education. Also, they trust in technologies provided by CTC, so tend to adopt whole standardized technical systems.
Variables such as gender, age, social capital, household size, number of tobacco farming labor, farming area, and loans are not significant, which may be due to the following factors: 1) the implementation of contract production of tobacco and the adoption of the standardized technical system promoted by CTC is mandatory; 2) the service of tobacco technicians is universal, and there are no differences in gender, age, social capital, etc.; 3) tobacco farmers generally hire temporary workers during busy farming seasons, enabling fewer laborers to plant larger areas. The results for loans are not significant, a finding that is contrary to the prevailing view that access to credit has a significant positive effect on adoption intensity (Mensah-Bonsu et al., 2017). An explanation is that funds for tobacco farmers in Chongqing are guaranteed and that it is easy for farmers to obtain special bank loans through planting contracts.
4.2 Analysis of the impact of adoption intensity on income
Under the exogenous assumption, results for the impact of adoption intensity on income are not significant, which is a statistical inference based on observed characteristics, without considering unobserved factors; therefore, endogeneity occurs, and results are biased. Through the METE model, some unobserved factors are considered, and the validity and significance of results significantly improve.
As seen in Table 5, when high intensity is set to the baseline, the adoption loading factor ([image: image]) in the ASPT equation shows positive selection bias under low intensity. These results indicate that unobserved factors can increase the possibility of low intensity but have an increased impact on ASPT. The variable [image: image] in the YPM equation, the ASPT equation, and the IPHL equation under medium intensity exhibit significant negative selection bias, indicating that although unobserved factors can increase the possibility of medium intensity, they have a reduced impact on YPM, ASPT, and IPHL.
Under the assumption of endogenous adoption decisions, compared with those under high intensity, YPM and ASPT under low intensity show significant negative effects. ASPT and IPHL under medium intensity have significant effects, indicating that low intensity leads to a decrease in the yield and quality of tobacco, whereas medium intensity facilitates significant tobacco quality improvements and income growth.
Results for effects of medium intensity on YPM are not significant. The possible reason is that the yield sold by tobacco farmers to CTC is subject to contract constraints and tobacco farmers are usually responsible to dispose of excess yield; therefore, the collected YPM is calculated based on the sales volume, which may be lower than the actual YPM. After considering this possible reason, in the case of total yield exceeding the contractual purchase volume, the effect of medium intensity on income cannot be reflected by the increase in YPM but is mainly reflected by improvements in the tobacco quality, which is indirectly reflected by the significant increase in ASPT.
Standardized technical systems designed by CTC are of great significance in improving the quality of tobacco production, ensuring the homogenization of tobacco raw materials and achieving sustainable tobacco farming. However, results of this study show that the high intensity of tobacco farmers regarding standardized technical systems does not guarantee greatest benefits. Arouna et al. (2021) obtained similar results in a study of fertilizer adoption by farmers in Nigeria.
5 CONCLUSION
In many developing countries, the level of farmers’ technology adoption is relatively low due to various constraints, which affect the growth of yield and income. It is generally believed that the higher adoption intensity of standardized technical systems could generate higher output under the condition of contract farming. Thus, most existing research pays attention to how to improve production efficiency by improving the intensity of technology adoption. Standardization technology only takes into account commonalities in production, but its adoption intensity should be carried out based on the heterogeneity of the plot and other factors. Too high of an intensity may lead to low input-output. Based on the micro-survey data of 384 households of tobacco farmers in Chongqing, China, this study uses a METE model to investigate factors that affect the adoption intensity of tobacco farmers regarding standardized technical systems and analyzes the impact of intensity differences on households’ income.
These results show that various factors affect adoption intensity. Specifically, there is higher adoption intensity with farther distances to the nearest township. The closer the distance to the tobacco technology extension stations, the higher the farmers’ satisfaction with tobacco technicians, and the higher the perception of technology, the more open farmers are toward risks of adopted technologies. There is more medium adoption intensity with farther distances from a farmer’s residence to a tobacco technology extension station as well as with a higher proportion of leased land. It is found that greater the number of technical training, the more medium intensity is adopted.
The results also show that the adoption intensity has a significant heterogeneous effect on output. Different from current empirical conclusion, this study finds that a high adoption intensity does not guarantee the greatest benefits. The empirical results of the METE model show that estimation bias is generated without considering unobservable factors, which could affect the effectiveness of the estimation. After treating the endogeneity, YPM and ASPT under low adoption intensity have significant negative effects, whereas ASPT and IPHL under medium adoption intensity have significant positive effects. This indicates that compared with those under high adoption intensity, the tobacco yield and quality under low adoption intensity decrease, whereas medium adoption intensity results in significant tobacco quality improvements and income growth.
Contract farming is an effective way to improve farmers’ technology adoption levels. Our findings provide important insights for policy recommendations. First, it is by the generality of production that the company makes the standardized technical system, which is difficult when taking into account the differences in resource endowments spatially. As such, farmers need to select the appropriate adoption intensity according to characteristics of the focal plot to improve the input–output efficiency. Second, it is challenging for farmers to determine the adoption intensity in isolation —— the company needs to help farmers make appropriate decisions. The results of this study also revealed that the input of pesticides, chemical fertilizers, herbicides, and other chemical substances should be appropriately reduced in Chongqing, which not only reduces unnecessary input of factors of production but is also beneficial to the protection of the environment and the health of farmers. Third, although most tobacco farmers take medium or high adoption intensity, there are about 16% of tobacco farmers that utilize a lower adoption intensity. CTC needs to take positive steps to promote these tobacco farmers to increase the level of adoption intensity by enhancing their perception of technology.
In future studies, combined with the evaluation of tobacco farmers’ self-adoption, a more effective technology adoption intensity measurement system should be established. Farmers’ input–output can be further empirically analyzed to help tobacco farmers choose the appropriate adoption intensity.
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