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Abstract 
Small farmers in Malaysia face significant productivity challenges due to reliance on traditional farming methods despite 

the availability of advanced agricultural technologies. This study investigates the factors influencing the intention to adopt 

Big Data Devices for Agriculture (BDDA), focusing on the mediating role of perceived usefulness in the relationship 

between Entrepreneurial Orientation (EO)—encompassing innovativeness, proactiveness, and risk-taking—and adoption 

intention. A 2023 survey of 450 small farmers yielded 310 valid responses, analyzed using Partial Least Squares 

Structural Equation Modeling (PLS-SEM). Results indicate that innovativeness (β = 0.372, p < 0.001) and proactiveness 

(β = 0.334, p < 0.001) positively impact the intention to adopt BDDA, while risk-taking (β = -0.133, p = 0.008) has a 

negative effect. Perceived usefulness significantly influences adoption intention (β = 0.344, p < 0.001) and mediates the 

relationship between EO and BDDA adoption. The study extends the Technology Acceptance Model (TAM) by 

illustrating how EO traits affect technology adoption through perceived usefulness. These findings highlight the 

importance of enhancing perceived usefulness to promote technology adoption for sustainable agriculture among small 

farmers, offering valuable insights for policymakers and technology developers. 
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1. Introduction 
Theories such as the Technology Acceptance Model (TAM) (Davis, 1989), the Theory of Planned Behavior (TPB) 

(Ajzen, 1991), and the Unified Theory of Acceptance and Use of Technology (UTAUT) have significantly contributed to 

understanding technology adoption processes. These models provide validated frameworks for examining how 

individuals interact with and adopt various technologies (Afsay et al., 2023). Recent research has increasingly focused on 

understanding the intentions behind technology adoption (Lee, 2018; Min & Jeong, 2019), suggesting that a person’s 

decision to embrace or avoid a particular technology is influenced by perceptions, social pressures, expectations, past 

experiences, and intentions (Gani et al., 2024; Taherdoost, 2018). 

Sustainable agricultural technology adoption has grown remarkably over the past two decades, particularly in 

developed countries. Wang, Jin, and Mao (2019) defined Big Data Devices for Agriculture (BDDA) as the integration of 

information technology and agriculture. BDDA holds the potential to significantly increase sustainable agricultural 

production efficiency (Gwadabe, Arumugam, & Amirah, 2021). Its use transforms and restructures producers’ 

perspectives, promotes environmental consciousness, and fosters a concept of agricultural production that values quality 

and quantity equally (Amanor, 2024). Industrialization and urbanization exacerbate the labor shortage problem in 

agriculture, necessitating a shift away from traditional agricultural practices. Consequently, adopting BDDA to optimize 

agricultural production addresses several issues, including the global food shortage problem.  
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Despite extensive research on technology adoption, there is limited understanding of the factors influencing small 

farmers’ intentions to adopt advanced agricultural technologies like BDDA in developing countries such as Malaysia. 

This gap is crucial, given the persistent challenges in productivity due to traditional farming methods. This study seeks to 

address this gap by examining the role of Entrepreneurial Orientation (EO)—specifically innovativeness, proactiveness, 

and risk-taking—in shaping small farmers’ intentions to adopt BDDA for sustainable agriculture, with perceived 

usefulness acting as a mediating variable. 

Despite extensive agricultural programs and interventions in Malaysia, small farmers still rely on traditional 

farming techniques, leading to lower productivity, reduced profitability, and a loss of competitive advantage. Although 

some progress has been made in raising awareness about agricultural technology, BDDA adoption, especially among 

small farmers, has not yet reached its full potential and remains in the demonstration stage (Li & Li, 2023). In this 

context, this study identifies a research gap: while much research has been conducted on the use and efficiency of 

technology in agriculture, less attention has been paid to the factors influencing farmers’ intention to adopt agricultural 

technology (Takahashi et al., 2020). 

Understanding the factors influencing farmers’ intentions to adopt BDDA is crucial for increasing acceptance and 

promoting long-term sustainability and benefits (Ahmad et al., 2024). The existing literature highlights the need for a shift 

in focus toward investigating farmers’ behavioral intentions concerning agricultural technology adoption (Cimino et al., 

2024; Legris et al., 2003). Based on an extensive literature review, this study posits that small farmers’ innovativeness, 

proactiveness, and risk-taking capacity are vital in determining their intentions to adopt agricultural technology. 

This study employs Perceived Usefulness (PU) as a mediating construct between Entrepreneurial Orientation (EO) 

(innovativeness, proactiveness, and risk-taking) and farmers’ intention to adopt BDDA. This approach is based on the 

idea that small farmers’ desire to adopt BDDA may increase proportionally based on their perception of its usefulness. As 

PU is the underlying assumption of TAM, it is a critical factor in determining whether users will accept a technology. PU 

refers to users’ perceptions of productivity, effectiveness, and the general benefits a technology may offer to improve 

performance – in essence, the extent to which an individual believes that using a particular technology will enhance the 

quality of their work. 

 

2. Literature Review 
The successful adoption of new technologies, particularly those aimed at promoting sustainability, hinges on a 

comprehensive understanding of the factors that drive individuals’ adoption and use decisions (Gwadabe & Arumugam, 

2021). Since the mid-1980s, research in information systems has focused on identifying predictors of technology 

adoption, contributing to a substantial body of literature (Chickering & Gamson, 1999). Early efforts in this field led to 

the development of models explaining why individuals adopt or continue using various technologies (Mehrtens et al., 

2001). These studies have produced a variety of models aimed at identifying the most critical factors influencing 

technology adoption, whether new or existing (Gangwar, Date, & Raoot, 2014; Martínez-Román, 2017; Francisco & 

Swanson, 2018; Liu, Geertshuis, & Grainger, 2020; Yadegari et al., 2024). 

Most of these models were developed, among others, from the Theory of Reasoned Action (TRA) and can predict 

various actions across disciplines and settings. According to TRA, fundamental values influence people’s attitudes about 

adoption. These beliefs may be descriptive, based on personal experience, inferential, or based on information from peers 

or family members (Mady, 2018). When combined with the individual’s assessment of how others will react to the action, 

this attitude leads to the formation of a behavioral intention (Fishbein, 1980; Kala & Chaubey, 2024). According to TRA, 

behavioral intention directly affects one’s actual behavior. 

Among the theories that explain technology adoption, Davis (1989) established the Technology Acceptance 

Model (TAM), one of the most frequently cited theories of technology adoption in the literature. It is also widely used in 

various organizational contexts (Oliveira and Martins, 2011). As in TRA, intention is the driving force behind any 

behavior, including technology adoption. Also, individual attitude toward technology has an impact on the intention. 

People’s attitudes toward technology are shaped by external factors, such as their perceptions and the world around them. 

In this regard, TAM postulated that attitudes are influenced by perceived ease of use (PEOU) and perceived usefulness 

(PU) (Davis, 1993). PEOU explains a person’s perception of the ease and simplicity of a piece of technology. At the same 

time, PU refers to the degree to which an individual believes that using a particular technology will improve the 

effectiveness of their job. 

Similarly, the TPB is another theory that explains individual behavior and is widely used to justify the adoption of 

technologies (Ajzen, 1991). According to TPB, subjective norms, perceived behavioral control, and attitudes shape 

individuals’ intentions toward a behavior (Gwadabe et al., 2022). Hence, the subjective norm is an individual’s perception 

of a particular behavior, which is influenced by the judgment of significant others. Perceived behavioral control is the 

ease or difficulty an individual perceives when performing a particular behavior. In contrast, an attitude refers to the 

extent to which an individual has a favorable or unfavorable evaluation of a particular behavior (Ajzen, 1991). Thus, 

many factors can affect an individual’s behavior. 

In another initiative, Venkatesh, Morris, Davis, and Davis (2003) tested and combined existing technology 

acceptance models like TRA, TAM, and TPB to arrive at a different theory, the Unified Theory of Acceptance and Use of 

Technology (UTAUT). According to the UTAUT theory, performance expectancy, effort expectancy, facilitating 
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conditions, and social influence are the predictive variables that impact behavioral intention, determining actual use. Also, 

the influence of the predictive variables is moderated by factors such as age, gender, level of experience, and 

voluntariness. UTAUT’s intention is closely tied to one’s performance expectancy, which resembles PU in TAM. Effort 

expectancy is similar to PEOU. However, social influence refers to how much someone perceives that other important 

people think they should use a particular technology. Social influence is determined subjectively rather than 

quantitatively. On the other hand, facilitating condition is the degree to which an individual thinks the physical and 

technical infrastructure exists to support the use of a particular technology (Buraimoh et al., 2023; Panagiotopoulos and 

Dimitrakopoulos, 2018; Kim, Mirusmonov, and Lee, 2010). UTAUT has been used in various scenarios to understand 

better how people adopt technologies (Miltgen et al., 2013; Taherdoost, 2018). 

Accordingly, this study examines the factors influencing small farmers’ intentions to adopt Big Data Devices for 

Agriculture (BDDA) in Malaysia, mainly focusing on the mediating effect of perceived usefulness on the relationships 

between innovativeness, proactiveness, risk-taking, and the intention to adopt BDDA. 
 

2.1 Technology Acceptance Model (TAM) 

TAM is the most widely used model for understanding the factors influencing users’ adoption of novel technologies. The 

theory comprises many variables, but two of the most significant constructs, perceived usefulness (PU) and perceived 

ease of use (PEOU) have emerged from previous studies as factors affecting the intention to accept technology. TAM is a 

framework that describes the cognitive mechanisms among users and how they react to adopting and incorporating a 

modern piece of technology into their jobs and lives. PU relates to users’ perception of technology as beneficial, while 

PEOU pertains to the perception that using a particular technology requires little or much effort. Users are highly 

concerned about the efforts involved in using a specific technology. The model provides a theoretical framework for 

examining the impact of external variables on users’ beliefs, attitudes, intentions, and their use of technology. Users can 

determine how each goal, attitude, and belief fits into the bigger picture by considering a specific goal, action, or scenario. 

Since TAM’s development, numerous research studies have utilized it to establish the reliability, validity, logic, and 

empirical evidence of different cases and to determine cross-sample invariance. Some studies have applied TAM to 

examine the adoption of information technology in various contexts (Diop et al., 2019; Kayali and Alaaraj, 2020). 

Modifications to the model have addressed additional concerns (Nagy, 2018; Diop et al., 2019). Venkatesh and 

Davis (2000) proposed the TAM2 hypothesis after identifying and theorizing the broad causes of PU. In line with Davis’ 

contention that attitude only captures users’ emotional preferences for information technology and cannot grasp the 

effects of positive and easy-to-use cognition on behavioral intentions, the attitude was excluded from the TAM model 

(Mukuze, 2023). According to Venkatesh and Bala (2008), numerous factors influence the adoption and usage of 

individual-level information technology. They developed TAM as a comprehensive nomological network of the elements 

affecting individual-level information technology adoption and usage. 
 

2.2 Technological Factors and Intent to Adopt BDDA 

The adoption of big data technology has become a crucial factor in the success of many industries, including sustainable 

agriculture. To understand the factors influencing farmers’ intentions to adopt Big Data and Data Analytics (BDDA), it is 

essential to consider the role of technological factors in this adoption process. According to Rogers’ (1983) innovation 

theory, compatibility, relative advantage, and complexity can affect how a technology is perceived. 

In the context of BDDA adoption for sustainable agriculture, the lack of complexity of the technology can 

determine its simplicity and understandability. This is reflected in the Technology Acceptance Model (TAM), which 

suggests that a technology’s relative advantage and technical complexity can define its usefulness and ease of use 

(Gangwar et al., 2015). Decision-makers are likely to focus on a technology’s usefulness before deciding whether or not 

to adopt it. They are more likely to embrace it if they perceive it as less complicated (Momani and Jamous, 2017). 

Consequently, farmers’ willingness to use technology decreases if they believe it is difficult to learn and would require 

excessive time and effort (Zheng et al., 2019). 

Perceived usefulness is also an influential determinant of technology adoption (Batz et al., 1999). Therefore, to 

encourage farmers to adopt BDDA, it is essential to communicate the advantages and benefits of the technology clearly 

and understandably. Additionally, BDDA systems should be designed to be user-friendly and intuitive to reduce the 

perceived complexity of the technology. By considering the technological factors that influence farmers’ intention to 

adopt BDDA, agricultural industries can facilitate the successful integration of this technology into their operations and 

enhance overall productivity and efficiency. 
 

2.3 Conceptual Framework  

The research framework of this study is schematically represented and interpreted in terms of the relationships between 

research constructs and their order of influence (Figure 1). The direct connection between innovativeness, proactiveness, 

and risk-taking with intention establishes the first flow of control. The second flow of the framework forms a link 

between innovativeness, proactivity, and risk-taking with perceived usefulness. The third flow connects innovativeness, 

proactiveness, and risk-taking to the intention by meditating on perceived usefulness. This comprehensive research 

approach enables the evaluation of concepts by examining the relationships between the study’s constructs, emphasizing 

sustainable agricultural outcomes. 
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The conceptual framework suggests that there are four significant relationships: a direct and positive relationship between 

innovativeness, proactiveness, and risk-taking on intention; a direct and positive relationship between innovativeness, 

proactiveness, and risk-taking on perceived usefulness; the influence of perceived usefulness on intention; and, finally, 

the mediating effect of perceived usefulness on the relationships. 

 

 
 

Fig. 1 Research Framework 

 

3. Materials and Methods 
An empirical survey was conducted to determine the relationship between the constructs, and a questionnaire was 

designed explicitly for this purpose. Data was collected through a self-administered questionnaire. The measurement 

scales for the research model constructs were adapted from previously published studies in the same field. Ten experts 

assessed the instrument to confirm the validity of the technique and measuring scales and ensure the questions were 

appropriately worded. The construct items were measured on a 10-point Likert scale, ranging from “strongly disagree” to 

“strongly agree.” The study included five constructs: perceived usefulness, intention, innovativeness, proactiveness, and 

risk-taking. Scales were adopted and adjusted from previously published studies. 

The process of participation was divided into four stages. The questionnaire was pre-tested on 50 farmers to 

ensure its appropriateness and suitability in assessing sustainable agricultural practices and to determine whether any 

changes should be made. In a quantitative study, the reliability of research relies on the instruments used to measure the 

phenomenon (Golafshani, 2003). In this study, a self-administered questionnaire was used as the instrument for data 

collection. The questionnaire was initially designed in English and then translated into Malay by a professional native 

translator to better understand the respondents, who were local farmers, mostly in rural areas. To avoid any form of 

communication gap and bias, a native Malay speaker and researcher administered the questionnaire to the farmers. The 

administrator clarified their understanding of the purpose of the study. The research assistant worked closely with the 

researchers. 

 

3.1 Data Collection and Analysis Procedure 

Data was collected using a self-administered questionnaire in the Malaysian states of Johor, Kedah, Kelantan, Pahang, 

Perak, Selangor, Sabah, and Terengganu. These states were selected due to their significant smallholder farmer 

populations and varying levels of agricultural technology adoption. A non-probabilistic sampling approach was 

employed, targeting 384 farmers as the intended sample size. Of 450 distributed questionnaires, 316 were returned, with 

310 deemed suitable for analysis. The sample size exceeds the minimum requirements for robust statistical analysis in 

PLS-SEM, as recommended by Bentler and Chou (1987). All factor loadings were higher than 0.70, indicating that the 

sample was adequate for evaluating the research model (Guadagnoli and Velicer, 1988). The proposed research model 

was empirically tested using partial least square structural equation modeling (PLS-SEM). It is suitable for examining 

cross-sectional data as it employs multiple regression and factor analysis to assess the measurement tool and test 

hypotheses (Bagozzi and Yi, 2012). 

 

3.2 Measurement Model: Reliability and Validity 

The data were analyzed using various techniques, including composite reliability, convergent and discriminant validity, 

and PLS-SEM with SmartPLS. The study began with exploratory factor analysis (EFA) to reduce the number of items. 

Items with a factor loading greater than 0.60 were included, while those with a factor loading of less than 0.60 were 

excluded due to their low factor loading (Gwadabe et al., 2022). The EFA was performed on all items in the model using 

unrotated principal component analysis. All the variables in the study were adjusted to revolve around a single 

component. It was found that 44.456% of the variance could be explained, significantly less than the suggested limit of 

50% (Yang et al., 2015). All components’ Cronbach’s alpha coefficient was examined, ranging from 0.70 to 0.91. The 

generally accepted alpha coefficient is 0.70. The factor analysis (CFA) results were confirmed in the second and third 

tables.  

 

Intention 

Perceived 

Usefulness 
Innovativene

ss 

Proactivenes

s 

Risk-Taking 
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Table 1 Loading and Internal Consistency Reliability of the Measurement Model 

Variables Loading CA CR AVE 

Intention  0.922 0.936 0.649 

I1 0.752 
   

I2 0.784 
   

I3 0.828 
   

I4 0.863    

I5 0.86    

I6 0.791    

I7 0.806    

I8 0.75    

Perceived Usefulness  0.924 0.936 0.594 

PU1 0.807  
  

PU2 0.83  
  

PU3 0.797  
  

PU4 0.831  
  

PU5 0.697    

PU6 0.78    

PU7 0.727    

PU8 0.747    

PU9 0.729    

PU10 0.749    

Innovativeness  0.909 0.923 0.522 

INN1 0.658 
 

 
 

INN2 0.659 
 

 
 

INN3 0.738 
 

 
 

INN4 0.680 
 

 
 

INN5 0.763 
 

 
 

INN6 0.688    

INN7 0.696    

INN8 0.805    

INN9 0.761    

INN10 0.764    

INN11 0.720    

Proactiveness  0.913 0.929 0.619 

PR1 Deleted    

PR2 0.762 
  

 

PR3 0.773    

PR4 0.796    

PR5 0.791    

PR6 0.806    

PR7 0.765    

PR8 0.795    

PR9 Deleted    

PR10 0.807    

Risk-Taking  0.885 0.909 0.556 

RT1 0.745    

RT2 0.798    

RT3 0.79    

RT4 0.698    

RT5 Deleted    

RT6 0.732    

RT7 0.614    

RT8 0.769    

RT9 0.802    

 

Table 2 illustrates the reliability and validity of the constructs and the item loadings for each construct. Table 3 presents 

the structural model’s fit criteria. In all instances, the results are consistent with prior findings. The average variance 

extracted (AVE) is more significant than 0.5, and the composite reliability (CR) is more significant than 0.7. We can 

conclude that our model fit, reliability, convergence, and discriminant validity were excellent. Table 2 shows several 

characteristics correlating with each construct’s square root of the average variance extracted (AVE). As shown, the AVE 

of each factor is larger than the sum of the square roots of its corresponding correlation coefficients with the others. 

Consequently, it exhibited a high degree of discriminant validity. 
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Table 2 Fornell-Larcker criterion analysis to check discriminant validity 

 
Innovativeness Intention Perceived Usefulness Proactiveness Risk-Taking 

Innovativeness 0.722 
    

Intention 0.668 0.805 
   

Perceived Usefulness 0.613 0.675 0.771 
  

Proactiveness 0.507 0.677 0.621 0.787 
 

Risk-Taking 0.602 0.578 0.667 0.632 0.746 
 

Harman’s single-factor approach was used to measure common method bias (CMB) (Table 3), which was significant. 

Therefore, we concluded that no CMB was detected in the study. 
 

Table 3 The Assessment for CMV in Dataset – Harman’s One-Factor Solution 

Component 
Initial Eigenvalues Extraction Sums of Squared Loadings 

Total % of variance Cumulative % Total % of variance Cumulative % 

1 13.337 44.456 44.456 13.337 44.456 44.456 

2 4.093 13.643 58.099 4.093 13.643 58.099 

3 1.863 6.209 64.309 1.863 6.209 64.309 

4 1.116 3.718 68.027 1.116 3.718 68.027 

5 .886 2.954 70.981 .886 2.954 70.981 

 

3.3 Goodness of Fit Index (GoF) 

To validate the combined output of the external model and the internal model obtained through these calculations, the 

Goodness of Fit Index (GoF) test was used. The GoF calculation results indicate that the value of 0.726 reflects an 

excellent overall combined output, as it exceeds the threshold of 0.36.  
 

𝐺𝑜𝐹 = √𝐴𝑉𝐸 × 𝑅2 = √0.649 × 0.813 = √0.528 = 0.726 

 

4. Results and Discussion 
In this study, the research hypotheses were tested after reviewing the literature and analyzing the reliability and validity of 

the measurement scales, respectively. For each hypothesis path, PLS-SEM was used to calculate standardized estimates 

and t-statistics. This enables us to evaluate the significance of each hypothesis path (Table 4 and Figure 2).  

In analyzing the intention to adopt BDDA, the study identified two significant antecedents: innovativeness and 

proactiveness. Both factors positively and significantly influence the intention to adopt BDDA, consistent with findings 

from similar studies conducted in other contexts (Huang et al., 2017; Hwang et al., 2016; Rahman et al., 2017). The 

positive relationship between innovativeness and adoption intention (β = 0.372, p < 0.001) underscores the critical role of 

innovative tendencies in driving technology adoption among small farmers (Lewis et al., 2003; Lu et al., 2003; Rahman et 

al., 2017). The study found empirical evidence of a positive and statistically significant relationship between 

proactiveness (β = 0.334; p-value <0.001) and the intention to use BDDA for sustainable agricultural practices. The result 

was in line with the findings of several other studies (Bader et al., 2011; Garay et al., 2017; Kujala et al., 2016). 

However, risk-taking negatively and significantly impacts the intention to use BDDA (β = -0.133; p-value = 

0.008). Comparable studies have found negative relationships between risk-taking and intention to use (Altinay et al., 

2012; Aydemir and Aren, 2017; Mills et al., 2008). Furthermore, this study’s findings revealed that the hypothesis that 

perceived usefulness has a positive impact on the intention to use BDDA is empirically supported (β = 0.344; p < 0.001), 

which is consistent with previous studies (Burton-Jones and Hubona, 2006; Lin and Filieri, 2015; Mercurio and 

Hernandez, 2020; Verma et al., 2018). Additionally, the research found that proactiveness positively affects the perceived 

usefulness of using BDDA (β = 0.51; p < 0.001), which is consistent with the findings of Chang et al. 2005; Pagani, 2004; 

and Sandberg, 2002. The willingness to take risks positively and significantly affects the perceived usefulness of new 

technological innovation (β = 0.194; p < 0.001). 
 

Table 4 Summary of Path Coefficients 

 

Original 

Sample (O) 

Standard Deviation 

(STDEV) 

T Statistics 

(O/STDEV) 
P Values 

Innovativeness -> Intention 0.372 0.062 6.000 0.000 

Innovativeness -> Perceived Usefulness 0.274 0.052 5.308 0.000 

Perceived usefulness -> Intention 0.344 0.066 5.168 0.000 

Proactiveness -> Intention 0.334 0.05 6.687 0.000 

Proactiveness -> Perceived Usefulness 0.511 0.04 12.925 0.000 

Risk-Taking -> Intention -0.133 0.05 2.642 0.008 

Risk-Taking -> Perceived Usefulness 0.194 0.037 5.312 0.000 
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Fig. 2 SmartPLS Standardized Result 

 

The bootstrapping method and indirect effect were employed to determine the mediating relationship. According to 

Preacher and Hayes (2008), the indirect effect, measured by the 95% boot confidence interval (CI: LL-UL), does not 

include 0 between the variables in question. The bootstrap results are shown in Table 6. 

The study found that the indirect effect (Innovativeness -> Perceived Usefulness -> Intention, β=0.094, t-

value=3.510) was statistically significant at p<0.001. A mediating effect was also confirmed, as evidenced by the indirect 

effect of 0.094, with a 95% confidence interval (LL=0.049, UL=0.155) that does not include 0, indicating support for a 

mediating effect. Consequently, perceived usefulness was found to mediate between innovativeness and intention in the 

Malaysian agricultural sectors. 

Moreover, the results revealed that the indirect effect (Proactiveness -> Perceived Usefulness -> Intention, 

β=0.176, t-value=4.639) was statistically significant at p<0.001. A mediation effect was present, as the indirect effect 

(0.176; 95% Boot CI: LL=0.106, UL=0.255) does not include 0, supporting a mediating effect (Isah et al., 2022). The 

findings suggested that perceived usefulness mediated proactiveness and intention in the Malaysian agricultural sectors. 

The results also showed that the indirect effect (Risk-Taking -> Perceived Usefulness -> Intention, β=0.067, t-

value=4.214) was statistically significant at p<0.001 when the bootstrap results were used. The study confirmed a 

mediating effect since the indirect effect is 0.067, with a 95% Boot CI: LL=0.040, UL=0.103. The absence of 0 within the 

indirect effect’s range indicated support for a mediating effect. The findings suggested that perceived usefulness mediated 

the relationship between risk-taking and intention in the Malaysian agricultural sectors. In conclusion, the study’s findings 

show that perceived usefulness positively mediates risk-taking and intention in the Malaysian agricultural sectors. 
 

Table 5 Indirect Effect 

 

Original Sample 

(O) 

Standard Deviation 

(STDEV) 

T Statistics 

(|O/STDEV|) 
P Values 

Innovativeness -> Perceived Usefulness -> Intention 0.094 0.027 3.510 0.000 

Proactiveness -> Perceived Usefulness -> Intention 0.176 0.038 4.639 0.000 

Risk-Taking -> Perceived Usefulness -> Intention 0.067 0.016 4.214 0.000 
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The R² value indicates the extent to which the independent variables explain the variance in the dependent variable. The 

R² estimates are presented in Table 5. The results demonstrate that the independent variables account for a substantial 

proportion of the variance in the dependent variable. Specifically, Table 5 shows that the independent variables explain 

81.3% of the variance in farmers’ intentions to adopt AIT. Consequently, the error variance in the intention to use Big 

Data and Data Analytics (BDDA) accounts for approximately 19% of the differences in intention among farmers. 

Additionally, Table 5 reveals that 89.0% of the variance in the predictors is explained. 

Moreover, the effect size (f
2
) of the total number of exogenous latent constructs is considered significant. 

Additionally, the predictive relevance Q
2
 of all exogenous latent constructs in the current study was minor. In conclusion, 

Hair et al. (2014) suggest that, as a relative measure of predictive relevance, values of 0.02, 0.15, and 0.35 indicate that an 

exogenous construct has a small, medium, or large predictive relevance for a particular endogenous construct, 

respectively. 
 

Table 6 Summary of the R
2 

 
R

2
 R

2
 Adjusted 𝑓2 𝑄2 

Intention 0.813 0.812 0.016 0.521 

Perceived Usefulness 0.890 0.889   

 

5. Conclusions and Recommendations 
This study investigated the factors influencing small farmers’ intentions to adopt BDDA, focusing on innovativeness, 

proactiveness, risk-taking, and perceived usefulness. The findings suggest that enhancing perceived usefulness is crucial 

in promoting BDDA adoption, particularly by leveraging small farmers’ innovative and proactive tendencies to achieve 

sustainable agricultural practices. Policymakers should consider implementing targeted strategies that emphasize the 

practical benefits of BDDA supported by financial incentives and infrastructure investments to foster sustainable 

agricultural development. 

A model based on the Technology Acceptance Model (TAM) was developed and empirically analyzed using a 

survey of farmers in Malaysia. The results revealed significant R
2
 values for adoption intention and farmers’ perceived 

usefulness, with the model’s fitness index being within acceptable limits. The findings indicate that farmers’ 

characteristics of innovativeness, proactiveness, and perceived usefulness play a more significant role in explaining 

BDDA adoption than risk-taking. Furthermore, the study discovered that perceived usefulness mediates the relationships 

between innovativeness, proactiveness, risk-taking, and intention to adopt BDDA. Also, the current study contributes to 

the existing literature by providing empirical evidence that innovativeness, proactiveness, and risk-taking are vital to 

increasing the adoption of novel technologies, particularly among small farmers. 

In an attempt to address the challenges associated with embracing the adoption of BDDA among small farmers in 

Malaysia, the study proposed the following recommendations: 

 To begin, it is suggested that specific strategies and policies be developed to emphasize the benefits of BDDA and 

address particular concerns of small farmers, particularly regarding the usefulness of BDDA in agriculture. This 

can be accomplished through knowledge-sharing sessions and awareness programs to show them the practical 

value of adopting a proactive and innovative agricultural approach. 

 It is suggested that small farmers’ support mechanisms, such as financial incentives and infrastructure investments, 

should promote the adoption of BDDA to enhance sustainable agricultural practices. This is a significant step 

toward encouraging greater entrepreneurialism among agri-food producers. 

 Replications of such studies conducted in other developing nations can be beneficial for comparing results and 

determining generalizability. This will help guide the development of more effective policies and strategies to 

promote the widespread adoption of technological advances among small farmers in Malaysia. 

 Longitudinal studies can shed more light on the shifting importance of factors such as entrepreneurial propensity 

and perceived usefulness concerning the dynamics of BDDA adoption and sustainability among small farmers in 

Malaysia. 

 It is suggested that more research be conducted to address factors that influence small farmers’ adoption and 

acceptance of new technologies and the characteristics and preferences of the small farmers themselves. This will 

help ensure that agricultural technologies are developed and deployed to meet the needs and preferences of small 

farmers by identifying and removing any barriers to technology adoption. 
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