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A key instrument for upgrading China’s agriculture is the Internet of Things (IoT). To solve the problem of IoT technology promotion, farmers’ intentions to adopt IoT technology must be transformed into behavior, and their intentions and behaviors must be unified. The multivariate logistic model was used to analyses the factors influencing farmers’ intention to adopt IoT technology and behavioral deviation based on survey data of vegetable farmers in Jiangxi Province. The ISM model was used to investigate the relationship and hierarchy between the factors influencing farmers’ intention to adopt IoT technology and behavioral deviation. The findings revealed that first, a significant deviation exists between vegetable farmers’ IoT technology adoption intention and behavior, with 72.69% of those surveyed having the intention to adopt, but did not follow through. Second, among the 12 factors confirmed as remarkably influencing the deviation, expected return is the most superficial factor; intermediate influencing factors include vegetable price volatility, adoption cost, credit support, related knowledge and skills, and technology maturity; secondary factors include social capital, whether vegetables are registered trademarks, planting scale, planting method, and IoT related equipment supply; and age is the deepest root factor.
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1 Introduction

China has transformed its agricultural and rural areas into one of the fastest-growing countries in the world over the past 40 years of reform and opening-up, with the advancement of agricultural technology serving as one of the key driving engines (Chandio et al., 2022; Zhang et al., 2022). For three consecutive years from to 2020–2022, Document No. 1 of the central government proposed to vigorously promote the construction of the digital countryside; advance the development of smart agriculture; strengthen the construction of modern agricultural facilities; and accelerate the Internet, fifth-generation mobile communication networks, smart meteorology, and other modern agricultural information technology in the field of agriculture. Thus, it can be seen that the application and deep integration of IoT technology in the field of agriculture has received significant attention and strong support from the government, and is a way to achieve rural revitalization, agricultural modernization, and rural transformation (Hou et al., 2018).

To revitalize the countryside, industry must be prioritized. Jiangxi is a big agriculture producing province. The vegetable business is an essential pillar of Jiangxi agriculture, and it is a high-value agricultural industry that is indispensable in stabilizing the supply of “vegetable basket” items, assuring food safety, and increasing farmers’ income (Li Q. et al., 2020). In 2020, the vegetable sowing area in Jiangxi province reached 661,040 hectares, and the total output has reached 16,426,500 tons, which is nearly 20.9% higher than the total output in 2011. The total output has been growing steadily annually under the extremely slow growth of the sowing area in the past decade; hence, the role of modern information technology represented by IoT technology to improve quality and efficiency cannot be ignored. The vegetable industry in Jiangxi Province has formed five advantageous areas, namely, the suburban vegetable production area, vegetable production area for Hong Kong, vegetable production area for the coast and “one belt and one road,” specialty vegetable production area, and aquatic vegetable production area (Li L. et al., 2020). To encourage the implementation of IoT technology in other agricultural industries and the vegetable industry, the Jiangxi Provincial Government has issued policy documents such as the “Jiangxi Provincial Agricultural Rural Modernization Plan,” “Jiangxi Provincial Wisdom Agriculture City and County Construction Guidance,” and “Jiangxi Agricultural Internet of Things Construction Technical Guidance Specifications.” At present, Jiangxi province strongly implements the “123 + N” enhancement project of wisdom agriculture, and by the end of 2022, system interoperability and online data sharing will be completed to service the province’s “Three rural” wisdom agriculture service systems (Chen, 2018).

Illustration on the relevant definitions of scholars, consulting the advice of relevant experts, and considering the conditions of China’s agricultural production and operation and economic development, this project defines “adoption of Internet of Things technology” as the use of IoT technology in the whole process of agricultural production. This includes fine planting in fields, facilities, and greenhouses; agricultural products quality and safety supervision; monitoring agricultural production environmental data (such as soil temperature and humidity, nitrogen and oxygen content, environmental temperature and humidity, light intensity, CO2 concentration, etc.); providing scientific basis for crop production management; providing the best production conditions for crops; effectively improving crop yields and the overall efficiency of agriculture; thereby promoting the level of automation and intelligence in agriculture (Yu and Bai, 2022).

The adoption of agricultural IoT technology is directly influenced by vegetable farmers, and the modernization of the vegetable sector and the efficacy of IoT technology diffusion are directly correlated with the adoption behavior of these farmers. Research on the realization of intention-based behavior reveals that intention is not very effective at predicting behavior (Ma et al., 2020). Intention can only be fully integrated in behavior and have a better sustainability when adoption of the intention is congruent with conduct. This is also when applicable regulations can be most successful. As a result, it’s critical to address the bias that exists between intention and behavior and to help farmers transform their intentions about adopting technology into actual adoption behaviors (Yan et al., 2018).

This study has a strong foundation thanks to the extensive research conducted by a number of researchers on the adoption behaviors of agricultural technology, including IoT, by individual farmers, industrial and agribusiness users, and other subjects. In general, the following elements can be essentially attributed to the factors influencing the intention to use technology. Technology has a role in the first. IoT technology adoption will be aided by perceived benefits and technical compatibility, according to research on this particular segment of the agricultural supply chain (Tu, 2018), while the implementation costs of technological factors affect the adoption of IoT technologies by vegetable producers and suppliers, where producers must plan and estimate their return on investment (Scur et al., 2023). In the cold chain logistics industry, the cost–benefit comparison of IoT adoption determines whether the cold chain logistics body can truly adopt IoT technology (Sun et al., 2020). The second is the user (organization) factor. According to a study, management support is the key factor impacting the digitalization of agri-food businesses. Support from management is essential for effective digitization because it facilitates, leads, and is prepared to take anticipated hazards (Calafat-Marzal et al., 2023). For individual characteristics, a study mainly focused on gender, age, education, income, and business characteristics (Zhang et al., 2018; Omulo et al., 2024). The third involves environmental factors. The environmental component of the user is complex and diverse, and researchers believe that it mainly focuses on factors such as policy environment, infrastructure, and external pressures. However, in reality, farmers express a strong intention to adopt but do not engage in actual adoption behaviors, and there is often a considerable degree of deviation between intention and actual behavior (Yaghoubi et al., 2019). At a glance, there are two views on the relationship between farmers’ intentions and behavior. One view is that intention is a precursor of behavior and can effectively predict behavior (Gudigantala and Bicen, 2016; Peña-García et al., 2020). The other is that although intention is a precursor of action, there are degrees of intention to transform behavior, and behavior can be detached from the intended goal, which suggests that intention and behavior are not always consistent (Zhang et al., 2020; Jenkins et al., 2021).

After combining the existing literature, it is found that from multiple theoretical perspectives, most researchers believe that the causes of will-behavior deviance can be broadly classified into individual factors (Ruiz-Palomino and Martínez-Cañas, 2021), realistic situational factors (Abadi, 2023), perceived behavioral control (Mutyebere et al., 2023), cognitive factors (Davis et al., 1989), other factors (e.g., reward and punishment policies (Zhang M. et al., 2021), and immediate context (Bahaddin et al., 2019), etc.). Therefore, deciphering the will-behavior bias and facilitating the transformation of farmers’ will to adopt technology into actual adoption behavior has become an important practical issue. Moreover, most research has been conducted on industrial enterprises; very little research has been conducted on the adoption of IoT technology by agricultural operators, and very few studies have been published on the deviations of intention and behavior of vegetable farmers. Addressing the bottlenecks of intention and behavior bias in order to better promote IoT technology.

In contradiction of this background, this study takes vegetable farmers as an entry point to explore the deviation in intention and behavior of IoT technology adoption. Whether the vegetable farmers adopt IoT technology is a rational decision-making process, not only because of their resource endowment and perceived behavioral control ability but also because of realistic contextual and technological cognitive factors. Considering that having no intention to engage in behavior rarely occurs in reality, it was not considered the research object of this study. This study focuses on the following three classifications of will-behavior relationships: negative agreement (no will without behavior), paradox (will without behavior), and positive agreement (will with behavior), in which the analysis of the will-behavior paradox (will without behavior) is the focal issue of this study. Therefore, the aim of this study is to provide empirical evidence on vegetable farmers’ intention to adopt IoT technology as well as their actual behavior. To this end, we set the following objectives: (1) to investigate the deviation between vegetable farmers’ words and behaviors regarding IoT technology adoption; (2) to reveal the factors that lead to the deviation between vegetable farmers’ intentions to adopt IoT technology and their behaviors, using positive consistency as the reference group; and (3) to analyze the correlations and hierarchical structure among these factors to provide a basis for guiding the transformation of intention to adopt to actual behaviors. The study’s findings enhance the focus of policy measures in order to eliminate obstacles to the intention to change behavior and, consequently, enable IoT technology to empower the vegetable industry, advance its modernization process, and achieve the sector’s objective of rural revitalization.



2 Materials and methods


2.1 Data

The data for this study comes from field research conducted by members of the author’s group, college students, and graduate students at Jiangxi Agricultural University from July 2019 to June 2021. Three to four towns or villages were randomly selected in 20 cities, counties, and districts where vegetable farmers were concentrated, such as Nanchang county, Jinxian county, Ruichang city, Xiushui county, Leping city, Xiangdong district, Fenyi county, Guixi city, Ganxian district, Dingnan county, Xinfeng County, Nankang District, Ga’an City, Jing’an County, Guangfeng District, Yiyang county, Wan’an county, Jinggangshan city, Linchuan district and Nancheng county. Based on this, 10–15 households were randomly selected from each township’s vegetable farmer to conduct a questionnaire survey in the form of one-on-one interviews. Author’s group distribute a total of 800 questionnaires and 679 were collected, with a recovery rate of 84.9%. Among them, 546 questionnaires were valid, with an effective rate of approximately 80.4%. The basic characteristics of the sample are shown in Table 1. The majority of vegetable farmers are male (89.2%); age is concentrated between 40 and 59 years old, and the overall education level is relatively low. From the social capital perspective, the proportion of growers with 51–100 telephone numbers is 26.7%, and the proportion of growers with more than 100 telephone numbers is as high as 58.1%, indicating that vegetable growers are richer in social capital overall, which may be due to the fact that rural society is a society of acquaintances. From the viewpoint of whether the vegetables are registered, majority (453; 83%) of vegetable farmers do not have registered trademarks while 93 (17%) have registered trademarks, which shows that most vegetables sold by the growers are not registered and lack brand certification. Regarding having a contract with the buyer, most growers do not have a contractual relationship with the buyer, with a proportion as high as 73.4% (401 people); only 26.6% (145 people) of the growers have a contract with the buyer; hence, vegetable farmers selling vegetables face greater market risks, and the awareness of signing contracts is low.



TABLE 1 Basic characteristics of the samples.
[image: Table1]

The intention and behavior of vegetable farmers in adopting IoT technology are shown in Table 2. The outcomes show that about 49.7% vegetable farmers had the intention to adopt IoT technology, whereas only 13.6% had adopted IoT technology. Among the 271 growers who had the intention to adopt IoT technology, only 74 actually adopted IoT technology, indicating that there is a deviation between vegetable farmers’ intention to adopt IoT technology and their behavior. Hence, it is meaningful to study the deviation between vegetable farmers’ intention to adopt IoT technology and their behavior.



TABLE 2 Intention and behavior of vegetable farmers to adopt IoT technologies.
[image: Table2]



2.2 Variables selection

Nineteen variables were adopted to explore their effects on vegetable farmers’ intentions to adopt IoT technologies and behavioral deviations, including farmers’ factors, real-life situational factors, perceived behavioral control, and technological perception. The selection and description of each variable are listed in Table 3.



TABLE 3 Variable selection and description.
[image: Table3]


2.2.1 Explained variables

The explanatory variable for this study was the relationship between intention and behavior, which was generated after processing. Vegetable farmers were asked whether they intended to adopt IoT technology in their vegetable production process, and declarative intention was used as the criterion. In addition, it was found that although some vegetable farmers had not included IoT technology in their production process at the time of the survey, they were already building IoT technology or had purchased IoT-related equipment and products. Because it takes time to build and install IoT technology from the time the equipment is purchased to the time it is put into use, this group of vegetable farmers is also considered to have adoption behavior. In the empirical analysis, the relationship between intention and behavior was defined as an unordered categorical variable. This study focused on the factors impacting the paradox of intention and behavior with a positive consistent reference group.



2.2.2 Control variables

In this study, the vegetable farmers’ factors were selected as control variables, including eight variables: gender, age, education level, social capital, number of year-round home-based farmers, total household income, whether the vegetables were registered trademarks, and whether they were a contract with the buyer. Of these, the number of people working at home all year round and the total household income were continuous variables (Mastenbroek et al., 2021; Wang et al., 2021). For the empirical analysis, the total household income was logarithmically treated (Mulokozi et al., 2020).



2.2.3 Core explanatory variables

The core explanatory variables of this study included realistic contextual factors, perceived behavioral control, and technological perception. Among them, the real situation factors can be divided into the technology application environment, market environment, and policy environment, which vegetable farmers have to consider when adopting IoT technologies (Ma et al., 2022). The technology application environment cannot be separated from the consideration of current farmers’ planting characteristics, mainly including planting scale and planting methods (Bing, 2016; Yi et al., 2022). The market environment includes the magnitude of vegetable price fluctuations, IoT-related equipment supply, and adoption costs (Luong et al., 2016; Wu and Ma, 2020). The policy environment mainly includes credit support (Tuan et al., 2020). Perceived behavioral control mainly refers to growers’ knowledge and skills related to information technology and relevant experience in implementing information technology or information system projects (Yang et al., 2018); technological perception mainly refers to growers’ perceived ease of use of IoT technology, perceived maturity of the technology, and expectations of the benefits of adopting IoT technology for growing vegetables (Shi et al., 2022; Strong et al., 2022).





3 Model


3.1 Multiclassification logistic regression model

The relationship between vegetable farmers’ intention to adopt IoT technologies and their behavior is the explanatory variable in this study, which takes the form of negative agreement (no intention and behavior), deviation (intention without behavior), and positive agreement (intention with behavior). Although theoretical cases of no intention or behavior exist, they are extremely rare in reality and have not been examined in this study. This study aims to scrutinize the factors influencing the behavioral deviance of vegetable farmers’ intention to adopt IoT technologies, while capturing the role of the positive consistent variable. Therefore, this study uses a multi-categorical logistic regression model with positive consistency as the reference group to reveal the factors influencing vegetable farmers’ intention to adopt IoT technologies and behavioral deviance in the following form:

[image: image]

In Equation (1), [image: image]is the intercept term, βi represents the estimated coefficient, [image: image] represents the explanatory variable, and [image: image] is the error term. The probability of bias arising from vegetable farmers’ IoT technology adoption intentions and behavior is:

[image: image]

In Equation (2), e is the base of the natural logarithm, which is estimated as:

[image: image]

In Equation (3), the event occurrence ratios are the probability occurrence ratios for Type I (negative agreement), Type II (deviations), and Type III events (positive agreement).



3.2 ISM model

This study argues that influencing vegetable farmers’ IoT technology adoption decisions is a complex social activity that occurs due to the influence of multiple interacting factors, and that the ISM method can be used to analyze the interactions and correlations between the factors more effectively. The significant influencing factors that affect vegetable farmers’ intention to adopt IoT technologies and behavioral dissonance can either directly affect intention and behavioral dissonance or indirectly affect them through the interaction of factors that ultimately lead to the outcome of intention and behavioral dissonance. Specific approaches include the following.

The first step was to determine the adjacency matrix [image: image]. Based on the empirical analysis, it is concluded that there are [image: image] factors that influence vegetable farmers’ intention to adopt IoT technology and behavioral deviation. [image: image] indicates vegetable farmers’ intention to adopt IoT technology behavioral deviation, [image: image] indicates the [image: image] influencing factor, and the formula for constructing the adjacency matrix [image: image] is as Equation (4):
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[image: image]

The second step is to determine the reachable matrix 1, which is obtained using Boolean operations following Equation (5), where 2 is the unit matrix and is [image: image].

[image: image]

In the third step, the hierarchical structure of the factors is determined. In Equation (6), the reachable matrix [image: image]is divided into a reachable set [image: image]and an antecedent set [image: image], both of which represent the set of factors that can be obtained from the factor [image: image] in the reachable matrix [image: image]. Both [image: image] represent the factors in the reachable matrix. Finally, the highest level [image: image] was determined by Equation (7) to be the vegetable farmers’ intention to adopt IoT technology and behavioral deviance, as well as the hierarchical structure and correlations of the influencing factors it contains.

[image: image]
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Finally, a logical hierarchy of influencing factors affecting vegetable farmers’ intention to adopt IoT technologies and behavioral paradoxes is constructed by connecting adjacent layers and each influencing factor in the same layer with arrows.




4 Results and discussion


4.1 Analysis of multi-category logistic regression results

The results of the multi-category logistic regression analysis on the factors influencing vegetable farmers’ intention to adopt IoT technologies and behavioral biases using the Stata 15.0 econometric software are shown in Table 4. The log-likelihood of the model was −265.092 and LR chi2 was 544.470, with p-values much less than 0.05, indicating that the model is significant and valid for regression analysis.



TABLE 4 Analysis of factors influencing vegetable farmers’ intention to adopt IoT technologies and behavioral biases.
[image: Table4]

First, for the control variables (farmer factors) on adoption intentions and behavioral biases, age passes the 5 and 10% significance levels in Models 1 and 2, respectively, with positive coefficients, indicating that age positively affects negative consistency and deviation of intentions and behavior. Generally speaking, the physical condition, learning ability, and risk attitude of growers usually change; with limited physical condition, reduced learning ability, and increased fear of risk-taking as they get older, the more reluctant they are to adopt new technologies. Even if they express an intention to adopt, they may be “too intend to do so” due to age, thus increasing the negative consistency between intention and behavior. This increases the probability of negative consistency and divergence between intentions and behavior.

Social capital is statistically significant at 10% in both Models 1 and 2, and the coefficients are negative, suggesting that social capital negatively influences the probability of negative intention-behavior agreement and deviance. A possible reason for this is that the richer the social capital of vegetable farmers, the wider their social networks, the easier it is to access information, and the lower the transaction costs of adopting new technologies; therefore, the less likely it is that negative agreement and divergence will occur, and the more likely it is that the intentions held will be transformed into behavior.

Whether vegetables are registered is significant at the 10% level in both models, and the coefficients are negative, indicating that whether vegetables are registered has a negative effect on the negative agreement and deviation of intentions and behaviors. Growers whose vegetables (and their products) were trademarked were less likely to adopt negative consistency or deviance than those whose vegetables were unregistered. The reason for this is that registered vegetables are more likely to gain buyers’ favor and trust in the market, thereby enhancing the marketability of growers, helping to promote the sale of vegetable products, increasing the income of operators, and making them more capable of adopting IoT; this has many advantages, such as ensuring accurate production, controlled yield, and quality safety of vegetables. Hence, intention is more likely to translate into behavior, and the probability of negative alignment and divergence between intention and behavior is lower.

Second, in terms of the real-life contextual factors on adoption intention and behavioral bias, the IoT technology application environment of farmers must consider the current planting characteristics; the planting scale and planting method passed the 1 and 5% significance levels in Models 1 and 2, respectively. The scale of planting has a dampening effect on the negative agreement and deviation of intention and behavior; the larger the scale of planting, the lower the probability of negative agreement and deviation of intention and behavior. This is because larger farmers have economies of scale in the adoption of IoT technologies (Zhang M. et al., 2021; Zhang S. et al., 2021) and are more active in rural areas and affairs than smaller farmers. Consequently, they are less likely to have negative or inconsistent intentions and behaviors. Small households are often less endowed, more information-closed, and more conservative, so they are more likely to have neither the will nor the behavior to adopt. Moreover, even if they do have the will, they are reluctant to adopt IoT technology due to risk aversion, and tend to “say one thing but do another.” This is because a large field is a complex system with many uncertainties, which makes it more difficult to process and analyze information (Jianwei, 2017), as well as to apply IoT technologies.

The magnitude of vegetable price volatility passed the 5% level of significance in both Models 1 and 2, and the direction of the effect was negative in both cases. A possible explanation for this is that vegetable price volatility implies that vegetable farmers face greater market pressure and that there is more urgency to adopt new technologies in response to external pressures; this negatively influences the occurrence of negative agreements and paradoxes between intention and behavior. The supply of IoT-related equipment passed the 5% significance level in both Models 1 and 2, and the coefficients were both negative, indicating that the more adequate the supply of IoT-related equipment, the lower the probability of negative consistency and deviation of intention and behavior.

China’s agricultural IoT technology is under development and is an integrated technology that relies on various devices in the sensing, transmission, processing, and application layers; for example, the sensing layer relies on light intensity, temperature and humidity, CO2 sensors, the transmission layer relies on devices such as sensing networks and mobile networks; the processing layer relies on devices such as cloud computing and image and video processing; and the application layer relies on integrated management platform APP, monitoring and management platforms, secondary development components, and other devices (Da Xu et al., 2014). Therefore, the adequacy of the supply of IoT-related devices will directly affect whether intention can be transformed into behavior. The cost of adoption passes only the 10% significance level in Model 2, with a negative effect direction. The reason for this is that the lower the cost of IoT adoption, the more affordable the adoption cost for growers, thereby reducing the deviation from intention to behavior and tending to transform intention to behavior.

Credit support passed the 10 and 5% significance levels in Models 1 and 2, respectively, and the coefficients were both negative, indicating that growers who received credit support were less likely to have a negative will-behavior paradox than those who did not receive credit support. This is because the adoption of IoT technology requires greater capital investment, and growers who receive credit support are less likely to deviate from their behavior as their financial constraints are weakened.

Third, in terms of perceived behavioral control on adoption intentions and behavioral biases, knowledge and skills passed the 1% significance level in both Models 1 and 2 with negative coefficients, indicating that the more knowledge and skills vegetable farmers possess, the less likely they are to adopt IoT technologies with negative consistency and deviation from behavior. The possible reason for this is that growers with relevant knowledge and skills tend to be more knowledgeable about IoT technologies, more technologically literate, and have higher self-efficacy in adopting IoT technologies, which tends to transform their intentions into behaviors and reduce the divergence between intentions and behaviors.

Fourth, in terms of technological perceptions on adoption intentions and behavioral deviations, technology maturity passed the 1 and 5% significance levels in Models 1 and 2, respectively, and the coefficients were both positive. The question on technological maturity is an inverse question, with larger values representing lower technological maturity. The results of the regression analysis show that the larger the value of technological maturity, the greater the probability of negative agreement and deviation of intention and behavior, i.e., the less mature the technology perceived by farmers, the more likely it is to lead to negative agreement and deviation of intention and behavior. This is because the lower the maturity of the IoT technology, the less guaranteed the expected benefits of using it in vegetable production and management, and the greater the risk that farmers will not be able to recover the adoption cost and initial investment; hence, it is difficult for farmers to have confidence and trust in the IoT technology. Even if they express their intention to adopt it, they will not be able to bear the technological risk which will lead to a negative intention-behavior relationship.

Revenue expectations passed the 1 and 5% significance levels in Models 1 and 2, respectively, and the coefficients were both negative, indicating that the better the expected revenue, the lower the probability of negative alignment and divergence between intention and behavior. This is because growers are rational economists and will fully consider the benefits of the technology before adoption; the more positive the expected benefits of IoT technology, the higher their confidence in IoT technology adoption and the easier it is to put their adoption intentions into action.

Referring to the robustness tests of existing results (Nastis et al., 2019), we used a multivariate Probit model to test the robustness of the factors influencing vegetable farmers’ intention to adopt IoT technologies and behavioral biases; the results are in Table 5. The results of the robustness test indicate that, after replacing the regression model, the multivariate Probit model is significant and valid. The significance of the explanatory variables and the positive and negative signs of the regression coefficients are highly consistent with the multi-categorical logistic regression, showing that the empirical results of this study are more robust.



TABLE 5 Results of robustness tests of the multivariate Probit model.
[image: Table5]



4.2 ISM analysis between influencing factors

Based on the multi-categorical logistic regression analysis, 12 factors influencing vegetable farmers’ intention to adopt IoT technologies and behavioral paradoxes were extracted. S0 denotes vegetable farmers’ intention to adopt IoT technology and behavioral dissonance, and Si(Sj) (i = 1, 2, …, 12, j = 1, 2, …, 12) is used to denote the above 12 factors that significantly affect vegetable farmers’ intention to adopt IoT technology and behavioral dissonance, as follows: S1 to S12 represent age, social capital, whether the vegetables are registered trademarks, scale of cultivation, cultivation method, price volatility of vegetables, supply of IoT-related equipment, cost of adoption, credit support, relevant knowledge and skills, technology maturity, and expectation of benefits.

Based on consultation with experts in the field of agricultural IoT and other agricultural technology adoption, the interactions and logical relationships between the factors are determined by combining the results of existing literature and theoretical analysis. If row factor i influences column factor j, it is denoted by V; if column factor j influences row factor i, then it is denoted by A; if row factor i and column factor j have no influencing relationship, then it is denoted by O. Based on this, this study identified the logical relationship between the 12 influencing factors and the interaction between vegetable farmers’ intention to adopt IoT technologies and behavioral deviance (Zhang et al., 2020; Guo et al., 2022), as detailed in Table 6.



TABLE 6 Logic diagram of influencing factors.
[image: Table6]

According to the logical relationship diagram of the factors influencing IoT technology adoption intention and the behavioral paradox of vegetable farmers in Table 6, the adjacency matrix is [image: image], as shown in Figure 1. Using the Boolean algorithm and with the help of Matlab 7.0 software, the reachable matrix M is calculated, as shown in Figure 2. Subsequently, the hierarchy among the influencing factors and the factors at each level were determined to extract a skeleton matrix N of factors influencing vegetable farmers’ intention to adopt IoT technologies and behavioral paradoxes, as shown in Figure 3.

[image: Figure 1]

FIGURE 1
 Adjacency matrix.


[image: Figure 2]

FIGURE 2
 Reachable matrix.


[image: Figure 3]

FIGURE 3
 Skeleton matrix of factors influencing IoT technology adoption intentions and behavioral paradoxes among vegetable farmers.


Finally, based on the extracted skeleton matrix, a multilevel recursive directed graph was formed to clarify the correlations and hierarchical structure among the influencing factors. As shown in Figure 4, this study constructs a 5-level recursive directed graph, which can visually analyze the surface-level direct influencing factors, intermediate-level indirect influencing factors, and deeper-level root influencing factors of vegetable farmers’ intention to adopt IoT technologies and behavioral deviations.

[image: Figure 4]

FIGURE 4
 Correlation and hierarchy between influencing factors.


From the skeleton matrix and the 5-level progressive directed graph, it can be seen that the factors influencing the paradox of growers’ intention to adopt IoT technologies and their behavior can be divided into five levels, of which Level 1 is S0, i.e., paradox of intention and behavior; Level 2 is S12, i.e., benefit expectations; Level 3 includes five factors S6, S8, S9, S10, and S11, i.e., the magnitude of vegetable price fluctuations, adoption costs, credit support, relevant knowledge and skills, and technological maturity; Tier 4 also includes five factors S7, S2, S5, S4, and S3, i.e., IoT-related equipment supply, social capital, growing practices, growing scale, and whether the vegetables are registered trademarks; and Tier 5 is S1, i.e., age. The following is a detailed discussion of the surface-level direct, middle-level indirect, and deep-rooted root factors for the paradox of vegetable farmers’ IoT technology adoption intentions and behaviors.


4.2.1 Surface-level direct influences

From the previous analysis, it can be seen that the benefit expectation factor is at the level of direct influence on the deviation of intention and behavior, and is the most superficial and direct factor that triggers the deviation of intention and behavior. As rational individuals, vegetable farmers’ primary consideration when making decisions on the adoption of IoT technologies is economic benefits, which is in line with the “economic man” hypothesis. Research has also established that benefit expectations have a strong influence on the deviation of intention and behavior (Li et al., 2021). The reason for this is that, as Britz et al. (2013) show, “as rational humans, maximizing returns is the main objective of agricultural producers” (Britz et al., 2013); therefore, expected returns are the most direct consideration for growers’ IoT technology. Only if growers perceive the expected benefits of IoT adoption to be good are they more likely to translate their adoption intentions into actual action; otherwise, the translation of adoption intentions into behavior is severely impeded.



4.2.2 Analysis of indirect influencing factors in the middle tier

As shown in Figure 4, the indirect influences in the middle tier are those in layers 3 and 4. First, the factors in layer 3 include the real-life contextual factors of price volatility, adoption costs, and credit support; the perceived behavioral control factors of knowledge and skills are also included, as well as the perceived maturity of the technology, all of which ultimately influence the intention to adopt and behavioral deviations by affecting expected benefits. Clearly, the technology adoption process is influenced by a complex combination of interacting factors. In general, the magnitude of vegetable price volatility directly leads to increased market risk, which in turn affects farmers’ perceptions of the expected benefits of IoT. The cost of adoption usually represents the input required to use IoT technology, and high costs affect the perception of expected benefits. Credit support reduces financial constraints, making growers more likely to recognize the economic benefits of IoT technology. The more knowledgeable and skilled growers are, the more likely they are to adopt IoT technology. Moreover, the more knowledgeable and skilled growers are, the better they understand IoT technology and the more likely they are to be optimistic about the expected benefits. The higher the maturity of the technology, the better the results achieved by IoT applications in vegetable farming and the higher the expected benefits; thus, the less likely they are to deviate from their intentions and behaviors. The factors in Level 4 include whether the vegetables are registered, social capital, planting scale, planting method, and supply of IoT-related equipment. These factors affect technological maturity in the technological perception factor in Level 3, which in turn affects the deviation of intention and behavior through expected benefits. In addition, the availability of registered trademarks for vegetables, social capital, scale of cultivation, and cultivation methods also act on benefit expectations by influencing the knowledge and skills in the perceived behavioral control factors in layer 3, which in turn influences the deviation in intention to adopt IoT technologies and behavior through benefit expectations.



4.2.3 Deep root cause factor analysis

The age variable is in layer 5 of the directed graph, suggesting that age is a deep-seated root cause of the deviation between vegetable farmers’ intention to adopt IoT technologies and their behavior. Age affects social capital and planting scale in layer 4, which, in turn, affects the deviation of intention and behavior through the interaction of various factors between layers. Currently, vegetable farmers in Jiangxi province are generally in the middle and old age groups, and this group has been engaged in vegetable farming in rural areas for many years. Older vegetable farmers are reluctant to adopt new technologies due to their lack of labor capacity and conservative thinking (Huang et al., 2019), cannot conduct large-scale production operations, and are unable to expand their social capital. Thus, age has a deep-rooted effect on the intention to adopt IoT technologies and behavioral dissonance.





5 Conclusion

Based on a total of 546 survey data of vegetable farmers in Jiangxi Province, a multi-categorical logistic model was used to reveal the factors affecting vegetable farmers’ IoT technology adoption intention and behavioral deviation, and an ISM model was used to analyze the correlations and hierarchical structure between the influencing factors. The specific findings are as follows:

1. The relationship between vegetable farmers’ intention to adopt IoT technology and their adoption behavior was generally “strong intention, weak behavior.” Nearly half (49.7%) of the growers expressed their intention to adopt, but as many as 36.1% showed a deviation between intention and behavior (intention without behavior); this indicates that there is a deviation between the intention and behavior of vegetable farmers in adopting IoT technologies.

2. The factors affecting the adoption of IoT technologies by vegetable farmers are not only farmers’ factors but also real situation factors, perceived behavioral control, and technology awareness factors. In addition to age and technological maturity, social capital, whether the vegetables are registered trademarks, planting scale, planting method, price fluctuation of vegetables, IoT-related equipment supply, adoption cost, credit support, related knowledge and skills, and expectation of profit all negatively affect intention and behavioral dissonance.

3. The ISM model was used to analyze the hierarchical structure and correlation between the significant influences of vegetable farmers’ intention to adopt IoT technology and behavioral deviance. The results showed that the hierarchical structure of the factors affecting vegetable farmers’ intention to adopt IoT technology and behavioral deviance can be divided into a 5-level recursive directed graph. The secondary influences are social capital, whether the vegetables are registered trademarks, the scale of cultivation, cultivation methods, and the supply of IoT-related equipment; the deepest root factor is age.

To conclude, we propose a number of recommendations. First, the government should use various forms of medium- and long-term vocational training for young vegetable farmers to accelerate the process of professionalization of new vegetables and to form a stable team of young professional vegetable farmers. Second, land transfer policies and vegetable scale management subsidies must be improved, and a standardized rural land transfer market should be established to promote vegetable scale management. There must also be a registration of vegetable trademarks, building and maintaining of quality vegetable regional brands, an enhancement of vegetable market competitiveness to stabilize sales, and a formation of a complete and stable vegetable production and marketing chain. Third, the government should improve the supply of IoT-related equipment and support further optimization of agricultural IoT technology, while increasing credit policy support to reduce the cost of IoT technology adoption. Fourth, it is imperative to reinforce the training and publicity of IoT technology through various means, such as media publicity, public opinion guidance, and acquaintance review, to enhance vegetable farmers’ awareness of IoT technology.

It is undeniable that we must take this study’s limitations into account. Initially, the study’s data was limited to vegetable farmers in Jiangxi province, China. This is because different economic development regions have different resource endowments. However, in the future, we may think about comparing data from other regions or even the entire nation in order to support China’s rural transformation and modernization of agriculture. Second, it should be noted that this study only looked at the hierarchical structure of influencing factors that affect vegetable farmers’ intention to adopt IoT technology and behavioral deviation. More research is needed to determine which specific factors, like risk preference and government regulation (Zhang et al., 2023; Yang et al., 2024), can close this gap.
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