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Understanding farmers’ 
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from SEM-ANN-NCA
Yatao Huang  and Shaoling Fu *

College of Economics & Management, South China Agricultural University, Guangzhou, China

Introduction: As a crucial technological tool for ensuring the quality and 
safety of agricultural products, the traceability system is of great importance 
in the agricultural sector. However, farmers’ participation in the system, 
especially among small-scale farmers, remains relatively low.

Methods: This study investigates the factors that influence farmers’ intentions 
to participate in traceability systems by integrating moral norms and policy 
support into the technology acceptance model (TAM) and using a three-stage 
approach of structural equation modeling (SEM), artificial neural network (ANN), 
and necessary condition analysis (NCA).

Results: The findings indicated that farmers’ intentions were primarily 
influenced by perceived usefulness. Perceived usefulness and perceived 
ease of use were strongly affected by moral norms and policy support. To 
promote farmers’ intentions, it is necessary to achieve at least 75, 66.7, 45.5, 
and 50% of perceived usefulness, perceived ease of use, moral norms, and 
policy support, respectively.

Discussion: These findings provide valuable guidance to government agencies 
and technology developers in prioritizing adoption strategies. This study not 
only expands the scope of TAM research, but also represents an early application 
of a three-stage approach to agricultural technology adoption research.
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1 Introduction

Food safety is a fundamental prerequisite for attaining a better quality of life and 
improved nutrition (FAO, 2023). Unsafe food not only poses a threat to the health of 
consumers, but also contributes to food loss and waste. Ensuring food safety is, therefore, 
a vital condition for achieving the Sustainable Development Goals (SDGs). Research has 
highlighted that an efficient traceability system can meet the requirements of relevant 
institutions and provide consumers with essential product information, thereby enhancing 
both food safety and consumer confidence (Mehannaoui et al., 2022). By leveraging 
innovative technologies such as agricultural Internet of Things and blockchain, traceability 
systems can comprehensively track the entire journey of agricultural products from farm 
to table, providing consumers with detailed information (Feng et al., 2020; Xu et al., 2022). 
Consequently, the promotion of traceability systems is emerging as an important measure 
to improve food safety standards.
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As a major producer and consumer of agricultural products, 
China faces significant challenges concerning the quality and safety of 
its agricultural products, such as food adulteration, foodborne 
diseases, and agricultural pollution (Zhang et al., 2023). The key to 
ensuring the safety of agricultural products is to raise awareness and 
promote active commitment to food safety among all stakeholders 
throughout the entire food supply chain (FAO, 2023). Consumers are 
willing to pay a premium for traceable agricultural products that 
provide detailed information (Jin et  al., 2017; Liu et  al., 2019). 
Agricultural enterprises are also proactively implementing traceability 
systems to ensure the traceability of their products (Qian et al., 2020). 
In China, ordinary and small-scale farmers, who play an important 
role in primary agricultural production, have limited participation in 
traceability systems and are not involved in traceability management.

Although traceability systems have significant potential for 
application in China’s agricultural sector, they still face challenges in 
terms of technology adoption. These challenges include high costs, 
lack of uniform market standards, insufficient technical personnel, 
and limited government support (Zhang et al., 2010). The majority of 
farmers in China are small-scale farmers, facing high cultivation risks, 
which hinders their participation in traceability systems (Huang et al., 
2022). International public policies, such as the Food Safety 10-Year 
Plan (FAO, 2023) and the SDGs (UN, 2015), are collectively working 
for achieving food safety goals in the agricultural sector. However, 
these goals may be difficult to achieve if farmers’ intentions are not 
properly understood. Research has shown that the adoption of 
agricultural technology depends on farmers’ perceived capacity and 
social factors (Yang et al., 2022; Li et al., 2023). Moreover, models of 
agricultural technology diffusion also influence farmers’ technology 
adoption to some extent (Gao et al., 2020).

Although there has been positive progress in the research field of 
farmers’ participation in traceability systems, the existing studies have 
certain limitations. Liao et al. (2011) and Xu et al. (2012) examined 
the determinants of farmers’ participation in the food traceability 
system, however, they lack an analysis of farmers’ subjective 
psychology. In contrast, Li et  al. (2021), while considering the 
subjective characteristics of farmers, overlooked important perceptual 
characteristics such as moral norms and policy support (Li et  al., 
2023). In addition, existing research fails to accurately predict the 
outcomes that influence farmers’ intentions to participate in 
traceability systems and identify the necessary conditions.

We have selected apple farmers in Sanmenxia City, Henan 
Province, located in central China, as the subjects of our research for 
several important reasons. Firstly, this region is located in the eastern 
part of the high quality fruit production zone on the Loess Plateau, 
which is characterized by significant day-night temperature 
variations and unique climatic conditions that are conducive to 
agriculture. These climatic factors positively impact fruit growth, 
granting the region a competitive advantage in terms of fruit quality. 
Secondly, despite the high quality fruit produced in this area, it is 
mainly cultivated by small-scale farmers who face challenges in 
realizing prices for their premium agricultural products. Research 
has indicated that Chinese consumers are inclined to purchase 
traceable apples, especially those grown in their country of origin 
(Liu et al., 2020), and are willing to pay an additional premium of 
over 40% for these apples (Jin et  al., 2017). To some extent, this 
reflects the potential for increased economic benefits for farmers 
through participation in traceability systems. Although the 

agricultural sector in this area has developed a traceability system, 
the majority of farmers have not yet participated in it, highlighting 
the difficulties in promoting traceability systems at the grassroots 
level. Finally, in 2019, apples from this region received national 
recognition as geographical indication agricultural products. 
According to regulations on the quality and safety of agricultural 
products, they must adhere to strict management practices. This legal 
requirement provides a clear policy background, making this region 
an excellent case study for examining farmer participation in 
traceability systems.

To bridge the gap between literature and reality, this study makes 
significant contributions to the research field of farmers’ 
participation in traceability systems. It extends the technology 
acceptance model by introducing moral norms and policy support 
as key factors influencing farmers’ intentions to participate in 
traceability systems. Through the analysis of a structural equation 
modeling, the impact of these factors on farmers’ decision making 
has been examined. To improve the accuracy of the prediction 
results, artificial neural network to further strengthen the predictive 
and explanatory capabilities of farmers’ intentions was applied. 
Finally, by using the necessary condition analysis, we can determine 
which factors are necessary conditions for farmers’ intentions to 
participate in traceability systems.

2 Research model

The Technology Acceptance Model (TAM), introduced by Davis 
(1989), derives from the diffusion of innovation theory pioneered by 
Rogers (2003). This model translates concepts such as relative 
advantage and complexity into perceived usefulness and perceived 
ease of use. TAM further incorporates insights from the Theory of 
Reasoned Action (TRA) (Fishbein and Ajzen, 1977) and the Theory 
of Planned Behavior (TPB) (Ajzen, 1991). TRA and TPB are broad 
theories in behavior research, and TAM extends them to explain how 
individuals adopt various technologies.

2.1 TAM

In recent years, TAM and its extended forms have found wide 
applications in analyzing the acceptance and factors associated with 
agricultural technologies, providing deeper insights into farmers’ 
attitudes and behavioral intentions toward various agricultural 
technologies (Caffaro et al., 2020; Thomas et al., 2023). These studies 
have significantly contributed to enhancing the understanding of 
farmers’ acceptance of new technologies. The TAM consists of two 
main factors: perceived usefulness (PU) and perceived ease of use 
(PE) (Davis, 1989). In this study, we specifically examined farmers’ 
perceptions regarding the usefulness (PU) and ease of use (PE) of 
traceability systems. Previous research has confirmed the important 
role of PU in influencing farmers’ adoption of agricultural 
technologies (Caffaro et al., 2020; Li et al., 2021). In addition, the ease 
of use of these technologies is closely associated with farmers’ 
perceptions of their usefulness. Studies have indicated that when 
agricultural technologies are perceived as easy to use, farmers are 
more likely to recognize their practical value in agricultural 
production, which subsequently increases their intentions to adopt 
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them (Diaz et al., 2021; Doanh et al., 2022; Ulhaq et al., 2022). These 
research findings further reinforce the important of PU and PE in 
shaping farmers’ intentions (IN) to adopt technologies.

2.2 Extension of the TAM

Despite the wide applicability of TAM in identifying and 
understanding various aspects of farmers’ behavior, several scholars 
have introduced additional variables into the original model to 
improve its stability, explanatory power, and predictive ability 
regarding farmers’ behavior (Caffaro et al., 2020; Rezaei et al., 2020; 
Doanh et al., 2022; Ulhaq et al., 2022). In fact, in addition to the 
factors inherent in the theory itself, TAM may include other significant 
variables that directly or indirectly influence intentions and behaviors. 
Therefore, based on supporting evidence from the literature, this study 
aims to extend the original TAM model with two additional variables 
(moral norms and policy support) to examine farmers’ intentions to 
participate in traceability systems. The theoretical model conceived 
for this study is illustrated in Figure 1.

Moral norms (MN) include expectations of moral obligations 
to perform or refrain from specific behaviors (Schwartz, 1977) and 
can also be  understood as expectations of positive or negative 
consequences resulting from these behaviors (Savari et al., 2023). 
When it comes to farmers’ acceptance of agricultural technologies, 
MN play a crucial role (Gowda et al., 2021). Bozorgparvar et al. 
(2018) have confirmed that MN serve as the most influential 
predictor of farmers’ intentions to adopt renewable energy systems 
on their farms. Rezaei et al. (2018) argued that farmers’ engagement 
in food safety practices on their farms stems from their fundamental 
beliefs and moral values, which are driven by their sensitivity to 
their own well-being and the health of consumers. This sensitivity, 
in turn, leads to a stronger intention to participate in such practices. 
Furthermore, MN also contribute to an increased intention among 
farmers to responsibly use pesticides and fertilizers (Savari and 
Gharechaee, 2020; Ataei et  al., 2021). Moreover, MN positively 
affects farmers’ perceived capabilities and the benefits associated 

with engaging in agricultural practices (Bagheri et al., 2019; Rezaei-
Moghaddam et al., 2020; Gowda et al., 2021).

Policy support (PS) refers to the evaluation of government support 
perceived by farmers when participating in traceability systems. 
Government support can be  manifested through resource 
redistribution, financial subsidies, market supervision and 
management, and increased external protection, among others. These 
forms of support can increase farmers’ self-efficacy, help them avoid 
risks, and further influence their behaviors (Li et al., 2023). In fact, 
government financial assistance and support from governmental 
institutions play a positive role in agricultural production, as robust 
infrastructure and financial support systems are crucial for minimizing 
income risks for small-scale farmers who are highly dependent on 
agricultural income (Li et al., 2018; Bhatt and John, 2023). Li et al. 
(2023) confirmed that government support is a significant variable in 
farmers’ willingness to engage in green planting technology. Zhang 
and Wu (2018) revealed that the government plays a unique role in 
the farmers’ innovation systems, facilitating collaboration between 
farmers and key external stakeholders to establish and maintain an 
innovation platform that allows for accessing and utilizing public or 
private resources and meeting the needs of small-scale farmers in 
agricultural production.

3 Methodology

3.1 Data collection

During the data collection process, we used two non-probability 
sampling methods: convenience sampling and purposive sampling. 
The samples we  selected had to fulfill two essential criteria: 
involvement in the cultivation of geographical indication agricultural 
products (apple) and an age of 18 years or older. As recommended 
by Hashim (2010), the sample size should be at least 10 times the 
number of questionnaire items. To meet the minimum sample size 
required for empirical analysis, we  distributed a total of 500 
questionnaires and conducted face-to-face interviews with farmers 

FIGURE 1

The extended TAM.
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aged 18 years and above. During the survey, farmers who were able 
to read and understand the questionnaire completed it independently. 
For those who could not read or write, we conducted interviews in 
the local language and recorded their responses to accurately fill out 
each question. After excluding key missing variables and invalid 
questionnaires, we obtained 410 valid responses, and the efficiency 
of the questionnaire reached 82%. The survey sample included 
different age groups, cultural backgrounds, economic conditions, 
and levels of participation in the traceability system, thereby 
providing a fundamental insight into their intentions to participate 
in traceability systems.

3.2 Questionnaire design

The survey questionnaire designed with standard procedures 
consisted of two main sections. The first section collected information 
on socio-economic characteristics of the respondents. The second 
section explored farmers’ intentions to participate in traceability 
systems and its influencing factors, including five latent variables (PU, 
PE, MN, PS, and IN) and 15 observed variables. While the 
introduction of more observed variables is expected to increase result 
reliability, following the guidance of Hair et  al. (2014), it is 
recommended that each latent variable should include at least three 
observed variables to achieve favorable outcomes. In order to measure 
these observed variables, a 1–5 point Likert scale was used, indicating 
different levels of disagreement and agreement.

3.3 Data analysis

To enhance the scientific rigor and reliability of the data analysis, 
we  used Smart-PLS software to analyze the structural equation 
modeling (SEM) and explore the causal relationships among variables. 
To address the limitations of linearity assumptions and 
oversimplification in the SEM, we  used artificial neural networks 
(ANN) in the second step. For the ANN analysis, we used the feed-
forward back-propagation multilayer perceptron technique. To 
minimize problems caused by overfitting, we used a 10-fold cross-
validation technique, training the model on 90% of the data and 
testing it on the remaining 10%. We used SPSS 26 software to generate 
the hidden and output layers of the ANN model, and the activation 
function used was the sigmoid function. Finally, we  performed 
necessary condition analysis (NCA) to identify the essential factors 
that influence farmers’ intentions. Since both SEM and ANN cannot 
establish the necessity of causal relationships, NCA plays a crucial role 
in identifying the factors that lead to specific outcomes only when 
necessary conditions are met (Dul, 2022a).

4 Results

4.1 Descriptive statistics

Figure 2 shows the demographic characteristics of the sample 
farmers. The results show that 54.1% of the respondents were male, 
while 45.9% were female. Almost half of the farmers were aged 

46 years or older, and about one-third had received primary education. 
More than three-quarters of the farmers were married, and almost 
one-third had less than 10 years of planting experience. In addition, 
almost half of the farmers owned 11–20 mu (1 mu ≈ 0.07 hectares) of 
orchard area, and over one-quarter had an annual household income 
below 100,000 CNY.

4.2 SEM analysis

First, we  use exploratory factor analysis to assess the factor 
structure of the observed variables. Within this process, we use both 
principal component analysis and the maximum variance method. To 
verify the partial correlations among variables, we use the Kaiser-
Meyer-Olkin (KMO) statistic, a widely used measure of factor 
homogeneity. The KMO value falls ranges from 0 to 1, with a value 
over 0.8 indicating suitability for factor analysis (Tabachnick et al., 
2013). In addition, we perform Bartlett’s test of sphericity to examine 
the intercorrelations among variables within the correlation matrix, 
with a p-value below 0.05 indicating statistical significance. The results 
indicate a KMO measurement of 0.9, which exceeds the recommended 
threshold of 0.8, and the Bartlett’s test of sphericity gives a highly 
significant result (p < 0.001). Moreover, the criterion for factor 
extraction is an eigenvalue greater than 1, the cumulative variance 
explained of 70%. Furthermore, all factor loadings for observed 
variables exceed 0.5, further confirming the validity of including each 
observed variable in the factor analysis.

Confirmatory factor analysis was also conducted to examine the 
reliability, convergent validity, and discriminant validity of the 
measurement model. The results indicated that both the Cronbach’s 
alpha (CA) and composite reliability (CR) values of the latent 
variables exceeded 0.7 (Table 1), indicating high internal consistency 
(Hair et al., 2010). Moreover, all measurement items had indicator 
loadings above 0.8, indicating high reliability. The average variance 
extracted (AVE) values of all latent variables were also greater than 
0.7, indicating sufficient convergent validity. In addition, the variance 
inflation factor (VIF) values were all less than 5, indicating no 
significant collinearity problems in the model. Finally, the square 
root of the AVE values was greater than the corresponding 
correlation coefficients (Table  2), indicating good discriminant 
validity (Fornell and Larcker, 1981). In conclusion, the measurement 
model of this study has passed all tests and can be used for structural 
model analysis.

By comparing the standardized path coefficients, we analyzed 
the relative contributions of the predictor variables to the outcome 
variable. A larger standardized path coefficient indicates a stronger 
influence of that variable on IN. Figure 3 and Table 3 revealed that 
PU (β = 0.463), PE (β = 0.147), MN (β = 0.206), and PS (β = 0.175) 
had a significant positive direct effect on IN. Notably, PU had the 
most significant effect on IN. These four variables explained 83.6% 
of the variation in IN. In addition, PE (β = 0.209), MN (β = 0.381), 
and PS (β = 0.352) significantly influenced PU. Among these, MN 
had the most significant effect on PU. These three variables 
explained 74.9% of the variation in PU. Finally, MN (β = 0.454) and 
PS (β = 0.447) had a significant effect on PE. MN had the greatest 
effect on PE. These two variables explained 70.3% of the 
variation in PE.
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4.3 ANN analysis

Figure  4 shows the ANN model, with model A ranking the 
importance of factors influencing farmers’ intentions, and models B 
and C ranking factors affecting PU and PE, respectively.

The root mean square error (RMSE) was used to evaluate the 
accuracy of the prediction results. Table 4 shows the training and 
testing process for each model. The results indicate that the average 
RMSE values were relatively low, ranging from 0.065 to 0.109, during 
both the training and testing processes, demonstrating that ANN has 
a good accuracy and fit effect for prediction.

We also conducted sensitivity analyses. Table 5 presents the results 
of the sensitivity analysis of the antecedents of IN (Model A), PU 
(Model B), and PE (Model C). In model A, PU (100.00%) was the 
most important predictive factor for IN, while the importance of PE, 
MN, and PS was relatively low, at 31.6, 37.5, and 35%, respectively. In 
model B, MN (100.00%) was the most prominent predictive factor for 
PU, followed by PS (96.9%) and PE (59.7%). In model C, MN (100%) 
was crucial for PE, followed by PS (92.1%).

4.4 NCA analysis

Necessary factors had to meet three criteria: theoretical 
plausibility, effect size (d) > 0, and p-value < 0.05 (Dul et al., 2020). 
Table 6 presents the results of the NCA. PU (d = 0.396), PE (d = 0.125), 
MN (d = 0.159), and PS (d = 0.111) were necessary conditions for 
IN. Among them, PU had a large effect, while the other three variables 
had medium effects. In addition, PE (d = 0.062), MN (d = 0.152), and 
PS (d = 0.104) were necessary conditions for PU. Among them, PE had 
a small effect, while MN and PS had medium effects. Furthermore, 
MN (d = 0.258) and PS (d = 0.132) were necessary conditions for PE, 
both with medium effects.

In order to explore the extent of the necessary factors required to 
achieve different results, we performed a bottleneck analysis. The first 
column in Table 7 represents IN, while the subsequent four columns 
represent the minimum values of the necessary factors (PU, PE, MN, 

and PS) required to achieve different levels of IN. Similarly, there are 
corresponding results for PU and PE. Specifically, to achieve 100% of 
IN, PU, PE, MN, and PS need to reach at least 75.0, 66.7, 45.5, and 
50.0%, respectively. Similarly, to achieve 100% of PU, PE, MN, and PS 
need to reach at least 25.0, 45.5, and 50.0%, respectively. In addition, 
to achieve 100% of PE, MN, and PS need to reach at least 63.6 and 
41.7%, respectively.

Table 8 presents the ranking and comparison of the important 
predictive factors in the research model. The ranking in SEM is based 
on path coefficients, while the ranking in ANN is based on normalized 
relative importance. In NCA, the ranking is based on effect sizes. It is 
clear that PU is the most influential and significant factor in 
influencing IN. In addition, PU and PE are significantly influenced by 
MN and PS. Overall, except for minor discrepancies in model A, the 
results are consistent across the other models, indicating the 
robustness of the research findings.

5 Discussions and implications

5.1 The main findings

Firstly, our research findings highlight that PU is the most crucial 
prerequisite and necessary factor influencing farmers’ intentions to 
participate. Typically, farmers, acting as rational decision makers, 
need to thoroughly assess the practical value of new technology before 
adopting it (Lou et  al., 2021). When farmers perceive traceability 
systems as offering obvious benefits in the cultivation and sale of 
agricultural products, they are more likely to actively participate in the 
system, driven by their expectation of obtaining these benefits through 
participation. In our actual survey, we  found that the majority of 
surveyed farmers generally believe that traceability systems help to 
increase their apple sales and raise the profile of apples, which in turn 
has a positive impact on their income. Therefore, policy makers 
should prioritize strengthening farmers’ perceptions of the usefulness 
of traceability systems in policy implementation to encourage their 
widespread adoption in the agricultural sector.

FIGURE 2

Proportion of demographic characteristics of respondents.
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Secondly, the research highlights that MN is not only the most 
significant precursor and necessary factor for PU and PE, but also 
plays a central role in shaping farmers’ intentions. MN can, to 

some extent, transcend logic and cost-effectiveness (Maleksaeidi 
and Keshavarz, 2019), particularly in non-coercive behaviors. The 
MN have the potential to induce farmers’ feelings of pride or guilt, 

TABLE 1 Reliability and validity analysis.

Constructs Measurement items Indicator 
loading

CA CR AVE VIF

Accepted value >0.6 >0.7 >0.7 >0.6 <5

PU 0.908 0.943 0.846

PU1 Participating in a traceability 

system can increase farmers’ 

income

0.880 2.256

PU2 Participating in a traceability 

system makes selling apples 

more convenient

0.933 4.170

PU3 Through a traceability system, 

you can reach more customers

0.944 4.522

PE 0.940 0.962 0.893

PE1 It is easy for me to participate 

in a traceability system

0.942 4.255

PE2 I can easily participate in a 

traceability system through 

training

0.944 4.099

PE3 I have a clear understanding of 

how to participate in a 

traceability system

0.949 4.552

MN 0.860 0.915 0.783

MN1 I feel obligated to participate in 

a traceability system

0.936 3.327

MN2 If I do not participate in a 

traceability system, I would feel 

uncomfortable

0.885 2.589

MN3 I feel responsible for protecting 

the quality and safety of apples

0.831 1.861

PS 0.908 0.942 0.844

PS1 The government supports the 

full process traceability of apple 

cultivation and production

0.924 3.208

PS2 The government provides 

training courses related to 

traceability systems

0.919 3.038

PS3 The government establishes a 

platform for connecting 

farmers and consumers

0.913 2.794

IN 0.896 0.935 0.829

IN1 I will recommend traceability 

systems to other farmers

0.901 3.207

IN2 I plan to participate in a 

traceability system in the future

0.950 4.389

IN3 I am willing to participate in a 

traceability system in the future

0.879 2.329
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subsequently influencing their adoption of new agricultural 
technologies (Rezaei et al., 2018, 2019). When farmers perceive 
participation in traceability systems as a moral obligation, they are 
not only more likely to view the system as highly useful, but also 
more willing to overcome potential technological or operational 
challenges. This intention stems from their belief that it helps 
them to fulfill their moral obligations, even if it involves some 
learning and adaptation processes. However, it’s worth noting that 
MN are influenced by regional culture (Bozorgparvar et al., 2018; 
Faisal et al., 2020). In the socio-cultural context of rural China, 
farmers mainly adhere to altruistic principles, and their 
participation in traceability systems is primarily driven by ethical 
considerations, particularly their ethical responsibility for 
ensuring the safety of agricultural products. Therefore, 
strengthening tools and strategies based on MN emerges as one of 
the approaches to address issues related to farmers’ participation. 

It is advisable to foster farmers’ sense of moral responsibility 
during the initial stages of promoting their participation in 
traceability systems.

Finally, PS is a significant antecedent and a necessary factor 
influencing PU and PE. On the one hand, PS can increase farmers’ PU 
of traceability systems by providing financial incentives or subsidies. 
This provides farmers with security and reduces potential risks, 
enabling them to clearly see that participating in traceability systems 
will bring economic returns. On the other hand, government-
sponsored technical training and resource support can improve 
farmers’ PE by reducing the technical complexity and operational 
barriers associated with participation in traceability systems. Previous 
research has also shown that robust government support can increase 
farmers’ technology acceptance and willingness by improving their 
psychological adaptability (Li et al., 2023; Thomas et al., 2023). In fact, 
the Chinese government has long played a central role in agricultural 
production, product quality, and safety, especially given the prevalence 
of small-scale farmers in China. Therefore, government agencies need 
to implement relevant support policies (Lou et al., 2021). In our actual 
survey, we found that only a very small number of farmers have the 
hardware and software systems required for participation in 
traceability systems, while the vast majority of farmers need policy 
support to participate in traceability systems. Therefore, improving 
policy support should become one of the crucial tasks for government 
agencies in the future.

5.2 Managerial implications

To promote farmers’ participation in traceability systems, the 
government and technology developers can use various strategies. 
One approach is to increase farmers’ awareness of the system’s 
advantages and functionalities through education and training. This 
includes helping farmers to understand consumers’ demands and 
requirements for agricultural product quality and safety, thereby 
stimulating their acceptance and intentions to participate in 
traceability systems. In addition, technology developers can simplify 
the system interface and provide training courses on hardware 
equipment and software systems to increase farmers’ understanding, 
confidence, and intention to participate. In addition, the 
government can strengthen social supervision to reinforce farmers’ 
moral norms and sense of responsibility. Finally, by improving 
relevant policies and regulations, the government can define the 
obligations and rights of farmers participating in traceability 
systems and provide support and incentives, such as establishing 
reward mechanisms and providing economic subsidies, to 
encourage active participation. These management insights have the 
potential to serve as valuable references for future policy making by 
government agencies and the promotion of traceability systems in 
the agricultural sector.

6 Conclusion

The perceived usefulness was the most crucial and essential 
factor influencing farmers’ intentions. Moral norms and policy 
support not only play an important and necessary role in perceived 

TABLE 2 Discriminant validity.

PU PE MN PS IN

PU 0.920

PE 0.781 0.945

MN 0.802 0.781 0.885

PS 0.794 0.780 0.732 0.919

IN 0.881 0.805 0.819 0.807 0.910

Values on diagonal indicate the square root of the AVE.

FIGURE 3

Theoretical model path coefficient.

TABLE 3 The results of hypotheses tests.

Path β St. Dev. Sig.

PU → IN 0.463 0.041 ***

PE → PU 0.209 0.048 ***

PE → IN 0.147 0.039 ***

MN → PU 0.381 0.047 ***

MN → PE 0.454 0.049 ***

MN → IN 0.206 0.039 ***

PS → PU 0.352 0.044 ***

PS → PE 0.447 0.051 ***

PS → IN 0.175 0.040 ***

Significance at: ***p < 0.05.
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FIGURE 4

ANN model.
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TABLE 4 The RMSE for training and testing processes.

Model A Model B Model C

ANN Training Testing Training Testing Training Testing

ANN1 0.070 0.062 0.077 0.068 0.109 0.084

ANN2 0.074 0.066 0.075 0.077 0.105 0.108

ANN3 0.068 0.063 0.076 0.071 0.108 0.110

ANN4 0.067 0.063 0.075 0.089 0.107 0.122

ANN5 0.073 0.061 0.078 0.069 0.107 0.122

ANN6 0.075 0.063 0.075 0.091 0.111 0.080

ANN7 0.068 0.075 0.076 0.067 0.113 0.110

ANN8 0.070 0.070 0.087 0.077 0.105 0.110

ANN9 0.067 0.062 0.076 0.080 0.112 0.086

ANN10 0.070 0.066 0.073 0.094 0.111 0.082

Mean 0.070 0.065 0.077 0.078 0.109 0.101

Std Dev 0.003 0.004 0.004 0.010 0.003 0.017

Model A: input PU, PE, MN, PS, output IN. Model B: input PE, MN, PS, output PU; Model C: input MN, PS, output PE.

TABLE 5 Sensitivity analysis.

Model A Model B Model C

ANN PU PE MN PS PE MN PS MN PS

ANN1 0.480 0.149 0.192 0.178 0.266 0.381 0.353 0.543 0.457

ANN2 0.358 0.182 0.225 0.235 0.222 0.373 0.405 0.486 0.514

ANN3 0.488 0.154 0.204 0.154 0.235 0.406 0.359 0.543 0.457

ANN4 0.447 0.215 0.204 0.134 0.180 0.415 0.405 0.509 0.491

ANN5 0.574 0.107 0.155 0.165 0.330 0.377 0.294 0.553 0.447

ANN6 0.517 0.118 0.190 0.174 0.234 0.377 0.389 0.493 0.507

ANN7 0.536 0.118 0.193 0.153 0.240 0.378 0.383 0.613 0.387

ANN8 0.533 0.129 0.145 0.193 0.148 0.431 0.422 0.506 0.494

ANN9 0.473 0.225 0.156 0.146 0.218 0.374 0.408 0.484 0.516

ANN10 0.493 0.154 0.173 0.180 0.255 0.386 0.359 0.475 0.525

Mean importance 0.490 0.155 0.184 0.171 0.233 0.390 0.378 0.521 0.479

Normalized 

importance (%)

100 31.6 37.5 35.0 59.7 100 96.9 100 92.1

Model A: input PU, PE, MN, PS, output IN. Model B: input PE, MN, PS, output PU; Model C: input MN, PS, output PE.

TABLE 6 Results of NCA.

Path Effect size (d) Categories Sig.

PU → IN 0.396 Large effect ***

PE → PU 0.062 Small effect ***

PE → IN 0.125 Medium effect ***

MN → PU 0.152 Medium effect ***

MN → PE 0.258 Medium effect ***

MN → IN 0.159 Medium effect ***

PS → PU 0.104 Medium effect ***

PS → PE 0.132 Medium effect ***

PS → IN 0.111 Medium effect ***

Small effect (0 < d < 0.1), medium effect (0.1 ≤ d < 0.3), and large effect (0.3 ≤ d < 0.5) (Dul, 2022b). Significance at: ***p < 0.05.
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usefulness and perceived ease of use but also have a significant 
impact on farmers’ intentions. Therefore, it is useful to include 
moral norms and policy support as variables in the TAM to 
predict farmers’ intentions to participate in traceability systems. 
The research findings contribute novel insights into the driving 
factors of agricultural technology adoption and provide valuable 
guidance for policy makers to formulate precise policies that 
promote the implementation of traceability systems in the 
agricultural sector.

Although our study has made positive progress, it is important 
to acknowledge some limitations. We  have only extended two 
variables within the original TAM, and future research can 
incorporate additional variables to increase the explanatory power 
of the model. This is crucial as traceability systems are equally 
important for agricultural products beyond apples, such as 
vegetables, tea leaves, and meat. Finally, this study used a cross-
sectional survey method, which limits our ability to observe changes 
in farmers’ intentions over time. Therefore, future research can use 

alternative methods such as longitudinal surveys or experimental 
studies to further analyze the dynamics of farmers’ intentions.
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TABLE 7 Bottleneck table (in percentage).

Output: IN PU PE MN PS Output: PU PE MN PS Output: PE MN PS

0 NN NN NN NN 0 NN NN NN 0 NN NN

10 16.7 NN NN NN 10 NN NN NN 10 NN NN

20 16.7 NN NN NN 20 NN NN NN 20 NN NN

30 33.3 NN NN NN 30 NN NN NN 30 9.1 NN

40 33.3 NN 9.1 NN 40 NN NN NN 40 18.2 NN

50 33.3 NN 9.1 NN 50 NN NN NN 50 18.2 NN

60 33.3 16.7 18.2 NN 60 NN 18.2 NN 60 36.4 25.0

70 58.3 16.7 18.2 NN 70 8.3 18.2 25.0 70 36.4 25.0

80 66.7 25.0 36.4 33.3 80 16.7 36.4 25.0 80 45.5 25.0

90 66.7 25.0 45.5 50.0 90 25.0 45.5 25.0 90 45.5 41.7

100 75.0 66.7 45.5 50.0 100 25.0 45.5 50.0 100 63.6 41.7

NN, not necessary.

TABLE 8 Summary of results of SEM, ANN, and NCA.

Path SEM Rank ANN Rank NCA Rank Remark

Model A

PU → IN 0.463 1 100% 1 0.396 1 Match

PE → IN 0.147 4 31.6% 4 0.125 3 Not match

MN → IN 0.206 2 37.5% 2 0.159 2 Match

PS → IN 0.175 3 35.0% 3 0.111 4 Not match

Model B

PE → PU 0.209 3 59.7% 3 0.062 3 Match

MN → PU 0.381 1 100% 1 0.152 1 Match

PS → PU 0.352 2 96.9% 2 0.104 2 Match

Model C

MN → PE 0.454 1 100% 1 0.258 1 Match

PS → PE 0.447 2 92.1% 2 0.132 2 Match
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