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Abstract—This study investigates key drivers influencing rice 

farmers’ attitudes toward Internet of Things (IoT) adoption in 

Indonesia, using the Technology Acceptance Model (TAM) as an 

analytical lens. Specifically, it evaluates the predictive roles of 

Perceived Usefulness (PU) and Perceived Ease of Use (PEOU), 

both of which are posited to shape users’ Attitude Toward Usage 

(ATT). Survey data were obtained from 62 smallholder farmers in 

Bandung Regency and examined through Partial Least Squares 

Structural Equation Modeling (PLS-SEM). The study confirms 

that both PU and PEOU significantly contribute to the formation 

of favorable farmer attitudes, with the model showing high 

explanatory strength (R² = 0.723). PU captures the perceived 

benefit of IoT for improving productivity and efficiency, while 

PEOU reflects user-friendly design and ease of integration into 

existing agricultural routines. These findings extend TAM’s 

validity in rural, low-tech farming contexts and offer actionable 

insights for technology developers, government agencies, and 

agricultural organizations seeking to foster digital transformation. 

By confirming the relevance of usability and perceived value, this 

study supports targeted design and communication strategies that 

align with farmers’ expectations. It also lays the groundwork for 

broader ASEAN agricultural resilience efforts by emphasizing 

inclusive technology pathways. Future research may incorporate 

sociocultural dimensions and systemic barriers to expand the 

model's applicability in diverse farming environments. 
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I. INTRODUCTION 

The Internet of Things (IoT) holds considerable promise in 
transforming the agricultural sector by improving efficiency, 
productivity, and sustainability [1]. In the context of rice 
farming, IoT applications include monitoring environmental 
conditions, optimizing irrigation, and delivering real-time data 
to support informed decision-making [2]. Despite these 
advantages, IoT adoption among farmers remains limited, and 
gaining insight into the factors influencing their attitudes is 
essential for effective implementation [3], [4]. 

Attitude plays a central role in shaping an individual's 
intention and behavior toward adopting new technology. The 
Technology Acceptance Model (TAM), a commonly utilized 
framework in technology adoption research, identifies Perceived 
Usefulness (PU) and Perceived Ease of Use (PEOU) as key 
antecedents of attitude [5], [6]. PU denotes the perception that 

the utilization of a specific technology enhances task efficiency, 
whereas PEOU reflects the notion that the technology is easy to 
operate. 

For rice farmers, cultivating a positive attitude toward IoT 
adaption (ATT) is a critical step in encouraging experimentation 
and adoption [4], [7]. Accordingly, this research explores how 
PU and PEOU shape farmers’ attitudes within the TAM 
framework, focusing on rice farmers in Bandung Regency, West 
Java, Indonesia [8]. 

TAM has been widely applied across diverse technological 
domains, consistently validating the predictive strength of PU 
and PEOU in shaping attitudes toward technology [9], [10], 
[11]. In agriculture specifically, several studies affirm the 
significance of these constructs in driving the adoption of 
technological innovations [12], [13]. 

Nonetheless, prior research also acknowledges that other 
variables—such as individual innovativeness, trust, and social 
norms—may influence farmers' attitudes [12], [14]. While 
recognizing the multifaceted nature of technology adoption, this 
study purposefully concentrates on the foundational constructs 
within TAM. 

Despite the existing body of literature, a research gap 
persists in understanding how PU and PEOU specifically affect 
rice farmers’ ATT. This study addresses this gap by drawing on 
empirical data from rice farmers in Bandung Regency. 

Accordingly, the research centers on evaluating the impact 
of these two constructs in shaping farmer attitudes. The central 
questions are formalized into the following hypotheses:  

• H9: How does Perceived Usefulness (PU) influence rice 
farmers' attitudes toward IoT adaption (ATT)? 

• H11: How does Perceived Ease of Use (PEOU) influence 
rice farmers' attitudes toward IoT adaption (ATT)? 

This study is principally designed to investigate how PU and 
PEOU shape farmers’ ATT. The study contributes theoretically 
by extending the application of TAM to agricultural IoT 
contexts, and practically by offering insights for stakeholders—
government agencies, technology developers, and farming 
organizations—on how to cultivate positive farmer perceptions 
through targeted interventions that highlight both usefulness and 
usability. 

*Corresponding author. 
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II. LITERATURE REVIEW 

A. Internet of Things (IoT) in Agriculture 

IoT is increasingly recognized as a pivotal innovation 
capable of reshaping multiple industries [15], [16], [17], [18], 
[19], [20], including agriculture [21], [22], [23]. IoT in 
agriculture entails deploying sensors, actuators, and other 
interconnected devices to gather and transmit information 
related to various aspects of farming operations, including 
environmental parameters, crop vitality, and soil characteristics. 
The resulting data can be processed to generate actionable 
knowledge for farmers, supporting more precise decision-
making and enhancing agricultural efficiency. 

The potential benefits of IoT in rice farming are substantial. 
For example, IoT sensors can monitor soil moisture levels and 
automate irrigation, reducing water waste and increasing crop 
yields [19], [21], [24], [25], [26], [27], [28], [29]. Drones 
integrated with IoT imaging systems can assess plant health and 
facilitate early detection of agricultural threats, allowing for 
timely intervention [30], [31], [32], [33], [34]. IoT can also assist 
in optimizing fertilizer use, minimizing environmental impact, 
and enhancing overall efficiency. 

B. Technology Acceptance Model (TAM) 

TAM is among the predominant theoretical frameworks for 
understanding how individuals accept and adopt information 
technologies [35], [36], [37]. According to TAM, a person’s 
attitude toward utilizing a technology is shaped by two central 
perceptions: Perceived Usefulness (PU), which represents the 
notion that the technology contributes to improved job 
performance [38], [39], and PEOU, which embodies the notion 
that the system requires minimal effort to operate [10]. 

TAM argues that PU and PEOU positively influence ATT 
[40], which subsequently shapes the behavioral tendency toward 
adopting the technology [41]. Within the scope of this research, 
TAM serves as a relevant framework for examining how rice 
farmers engage with and embrace IoT technology. The 
questionnaire employed in the present work assesses PU and 
PEOU using measurement scales derived from previously 
validated TAM instruments. Although TAM has been expanded 
with various external constructs in prior studies, the current 
analysis concentrates on the fundamental linkage between PU 
and PEOU as principal predictors of ATT. 

C. Perceived Usefulness and Attitude Towards IoT 

PU is a significant predictor of ATT [10]. if they perceive 
improvements in task efficiency or outcome quality. [42]. In the 
context of rice farming, farmers may perceive IoT as useful if it 
can help them to increase crop yields, reduce input costs (e.g., 
water, fertilizer), save time and labor, and make better-informed 
decisions [43]. 

Prior research has demonstrated that PU significantly 
influences ATT of various agricultural technologies, such as 
farm information systems and precision agriculture technologies 
[44]. Therefore, this study hypothesizes (H9) that PU positively 
influences rice farmers’ ATT. 

D. Perceived Ease of Use and Attitude Toward IoT 

PEOU is also an important factor in shaping ATT [10]. 
Individuals tend to have a positive ATT if they perceive it as 
easy to learn, easy to use, and requiring minimal mental effort 
[45]. 

In the context of rice farming, farmers may perceive IoT as 
easy to use if the user interface is intuitive, the system is reliable 
and stable, training and support are readily available, and the 
technology is compatible with existing farming practices [46], 
[47]. 

Previous research has found that PEOU significantly affects 
ATT across different domains, including agriculture [14], [48]. 
Hence, this study hypothesizes (H11) that PEOU positively 
influences rice farmers' ATT. 

E. Attitude Towards IoT and Adoption Intention 

ATT represents a person’s general assessment of the IoT 
technology, reflecting their positive or negative feelings about 
it. A positive attitude toward technology is likely to lead to a 
stronger intention to adopt and use it [14], [49]. 

In this study, rice farmers' ATT refers to their feelings and 
evaluations regarding the use of IoT in their farming practices. 
The questionnaire used in this research measures farmers’ ATT 
using items that assess their feelings about using IoT for 
collaborative farming [50], [51]. 

Prior research consistently demonstrates a robust association 
between attitude toward technology and adoption intention. 
Therefore, this study hypothesizes that rice farmers' positive 
attitude toward IoT enhances their behavioral intention toward 
adopting the technology. 

F. Conceptual Framework 

Framework Representing TAM and Associated 
Determinants as presented in Fig. 1. 

 
Fig. 1. Framework representing the technology acceptance model and 

influencing factors. 

Fig. 1 illustrates the analytical model developed for this 
research. This model is based on the TAM, which posits that an 
individual’s intention to embrace a technology is influenced by 
their ATT. That attitude, in turn, is principally guided by two 
core constructs: PU and PEOU. In this study, we specifically 
examine the relationships between PU, PEOU, ATT, and 
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Intention Adoption IoT. The framework also illustrates those 
other factors, such as Optimism, Innovativeness, Discomfort, 
Insecurity, Trust, Sharing, and Collaboration, can influence 
farmers' perceptions of PU and PEOU. While these factors are 
acknowledged, the analysis centers on the direct effects among 
PU (H9) and PEOU (H11) toward ATT, which constitute the 
fundamental constructs of the TAM framework. 

III. METHODOLOGY 

A. Research Design 

This study employs a quantitative approach utilizing survey 
methodology -based method to examine the elements affecting 
rice farmers’ ATT. A standardized questionnaire was applied to 
methodically gather information from farmers concerning their 
views and dispositions. The research process is systematically 
illustrated in Fig. 2, detailing the stages from conceptualization 
to data collection and analysis. 

 
Fig. 2. Research process flowchart for IoT adoption study. 

The survey method was chosen as it allows for statistical 
analysis of predefined variables—PU, PEOU, and ATT—and 
enables generalization of findings to a broader population. 
Given that IoT adoption in agriculture is still emerging, this 
approach provides empirical insights into farmers’ acceptance 
of new technology. 

B. Population and Sample 

1) Target population: The population under investigation 

comprises rice farmers from Bandung Regency, West Java, 

Indonesia. 

2) Sampling method: This study employed both purposive 

and stratified sampling techniques to ensure targeted and 

representative respondent selection to ensure a representative 

and relevant dataset: 

a) Purposive Sampling was employed to select farmers 
who had prior exposure to IoT technology in agricultural 

practices. This ensured that respondents had a sufficient 
understanding of IoT to provide meaningful insights into its 

usefulness and ease of use. 

b) Stratified Sampling was applied based on farmers’ 

land size, farming experience, and education level, ensuring 
balanced representation across different categories of 

respondents. 

3) Sample size determination: A total of 62 rice farmers 

were selected as respondents. The sample size was determined 

based on statistical power analysis, ensuring that it provides 

sufficient data for meaningful inference while maintaining 

computational efficiency for PLS-SEM analysis. While this 

sample size is appropriate for PLS-SEM, it should be noted that 

generalizing the findings to a broader population of rice farmers 

may require caution, given the inherent contextual variations. 

C. Research Instrument 

Primary empirical input was obtained through a standardized 
instrument, divided into two discrete components: 

• Section 1: Demographic Information – Collected 
respondents’ age, gender, education level, and farming 
experience to provide contextual insights. 

• Section 2: Measurement of Study Variables – Included 
statements assessing PU, PEOU, and ATT, assessed 
through A 7-point Likert-type scale were adopted, with 
endpoints defined as 1 (strongly disagree) and 7 (strongly 
agree). 

All survey indicators were derived from established scales 
validated in prior research on technology adoption. Respondents 
completed the questionnaire under the guidance of enumerators, 
who assisted in clarifying questions to ensure accurate 
responses. 

D. Data Collection Procedure 

Data collection was conducted through direct questionnaire 
distribution, with enumerators supervising the process to 
facilitate respondent understanding. The data collection period 
was February 9th to February 12th, 2025. 

Before survey administration, participants received details 
concerning the aims of the research, assurance of response 
privacy, and participants’ entitlement to withdraw at any phase. 

Informed consent was obtained from all respondents before 
proceeding with data collection. The data collection procedure 
and analytical approach are illustrated in Fig. 1, providing a step-
by-step breakdown from administration to statistical processing. 
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Fig. 1. Data collection and analysis framework. 

This diagram illustrates the data collection procedure and 
analysis workflow for this study. It outlines the structured 
process from sampling selection to hypothesis testing, utilizing 
Partial Least Squares Structural Equation Modeling (PLS-SEM) 
to map the causal pathways linking principal constructs. 

The hypotheses tested in the analysis have been updated to 
match the conceptual framework outlined in the Literature 
Review and the structure of the Results Section. Specifically, H9 
and H11. 

Each stage of the analysis follows a systematic approach, 
starting with data cleaning and preprocessing, followed by 
measurement model evaluation, and concluding with structural 
model validation and hypothesis testing using Smart PLS 3 
software. 

E. Data Analysis Methods 

The collected data underwent analysis using both descriptive 
and inferential statistical techniques, as illustrated in Fig. 1. 
Demographic profiles of the respondents were outlined using 
descriptive statistical techniques respondents, including 
measures such as frequencies, percentages, means, and standard 
deviations. Furthermore, PLS-SEM was selected as the 
analytical technique to test the hypothesized paths between 
constructs, owing to its capacity to accommodate complex 
models and its applicability in contexts with modest sample 
sizes. Furthermore, its relaxed assumptions regarding data 
distribution made it a suitable choice for this study. All 
computations were carried out using SmartPLS 3. The detailed 
evaluation of the measurement and structural models, including 
criteria and results, will be presented in the "PLS-SEM 
Analysis" section under Results and Discussion. 

IV. RESULTS AND DISCUSSION 

The subsequent part delineates empirical outputs and 
interprets the observed influences on rice farmers’ ATT. The 
results include the characteristics of the respondents, the 
assessment of instrument validity and reliability, along with the 
PLS-SEM results employed to examine the hypotheses 
concerning PU, PEOU, and ATT. 

A. Respondent Characteristics 

The data on respondent characteristics are presented to 
provide an overview of the participants’ backgrounds and the 
research context. This information is relevant for interpreting the 
analysis results related to ATT. 

Table I presents the frequency distributions of respondents 
based on their demographic characteristics and technology 
usage. The following tables present the characteristics of the 62 
respondents who participated in the survey conducted between 
February 9th and February 12th, 2025. 

TABLE I.  DEMOGRAPHIC AND FARMING CHARACTERISTICS OF 

RESPONDENTS 

Respondent 

Characteristic 
Categories Frequency Percentage 

Age 29 years or younger 1 1.61% 

 30-39 years 9 14.52% 

 40-49 years 11 17.74% 

 50-59 years 25 40.32% 

 60 years or older 16 25.81% 

Gender Male 46 74.19% 

 Female 16 25.81% 

Rice Field Area  <0.5 hectares 19 30.65% 

 0.5-1 hectare 26 41.94% 

 1-2 hectares 17 27.42% 

Farming Experience 1-5 years 6 9.68% 

 6-10 years 6 9.68% 

 11-15 years 10 16.13% 

 16-20 years 17 27.42% 

 21-25 years 17 27.42% 

 >25 years 6 9.68% 

Education Level No formal education 1 1.61% 

 Elementary school 43 69.35% 

 Junior high school 15 24.19% 

 Senior high school 3 4.84% 

Technology Use in 

Farming 
Never 59 95.16% 

 Rarely/Occasionally 3 4.84% 

B. Validity and Reliability Tests 

Instrument validity was assessed to confirm that the 
measurement items appropriately capture the targeted 
constructs. In this study, the validity was tested through Pearson 
correlation analysis, which quantifies the strength and direction 
of the linear relationship between each statement item and the 
overall construct. A correlation coefficient above 0.3 indicates 
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that the item is valid and meaningfully contributes to measuring 
the construct. 

Table II presents the revised questionnaire items used to 
measure each construct—PU, PEOU, ATT, and Intention to 
Adopt IoT. Each item was adapted from validated TAM 
instruments and reworded to preserve academic neutrality and 
consistency. 

TABLE II.  VALIDITY TEST RESULTS OF IOT ADOPTION CONSTRUCTS 

Variable Statement Item 
Calculated 

r 

Critical 

r 
Validity 

Perceived 

Usefulness 

(PU) 

IoT technology is perceived to 

improve rice harvest 

outcomes. 

0.987 0.3 Valid 

 
IoT enables discovery of 

efficient and modern 

agricultural practices. 

0.989 0.3 Valid 

 IoT enhances farm 

management capabilities. 
0.99 0.3 Valid 

 IoT contributes to faster task 

completion in rice fields. 
0.974 0.3 Valid 

Perceived 

Ease of Use 

(PEOU) 

IoT is considered easy to 

operate in rice farming. 
0.828 0.3 Valid 

 
IoT is perceived as easily  

integrable into farming 

routines. 

0.912 0.3 Valid 

 Functions of IoT in farming 

are easy to comprehend. 
0.907 0.3 Valid 

 IoT technology adapts well to 

individual farming needs. 
0.919 0.3 Valid 

Attitude 

Toward 

IoT 

adaption 

(ATT) 

IoT facilitates collaborative 

farming to improve yields. 
0.947 0.3 Valid 

 Farmers are inclined to share 

experiences via IoT platforms. 
0.926 0.3 Valid 

 
IoT is preferred over 

traditional coordination 

methods. 

0.96 0.3 Valid 

 
Enthusiasm exists for using 

IoT to support agricultural 

cooperation. 

0.955 0.3 Valid 

Intention to 

Adopt IoT 

Farmers plan to apply IoT in 

future rice farming. 
0.984 0.3 Valid 

 IoT is seen as instrumental for 

increasing productivity. 
0.984 0.3 Valid 

 
Interest exists in exploring 

diverse IoT applications for 

farming. 

0.986 0.3 Valid 

 Farmers intend to recommend 

IoT if proven beneficial. 
0.979 0.3 Valid 

Table II present the validity test results for four key 
variables: PU, PEOU, ATT, and Intention to Adopt IoT. Each 
statement item within these constructs was examined to verify 
its reliability in capturing respondent perceptions. The 
correlation coefficients for all items exceed the critical threshold 
of 0.3, confirming their validity as research indicators. 

The validation results underscore the robustness of the 
instrument used in this study, ensuring that the measured 
variables accurately reflect respondents’ perceptions and 
attitudes. This validation strengthens the subsequent analysis, 
enabling precise interpretation of IoT adoption tendencies 
within the agricultural sector. 

Reliability assessment employed Cronbach’s Alpha as a 
metric for internal consistency, adopting 0.6 as the minimum 
acceptable threshold. 

Table III displays the outcomes of the reliability assessment, 
showing that all constructs exhibit acceptable internal 
consistency (α > 0.6). 

TABLE III.  RELIABILITY TEST RESULTS 

Variable Reliability Index Critical Value Result 

Perceived Usefulness 0.989 0.6 Reliable 

Perceived Ease of Use 0.912 0.6 Reliable 

Attitude Toward IoT 0.959 0.6 Reliable 

Intention Adoption IoT 0.988 0.6 Reliable 

C. PLS-SEM Analysis 

Multiple statistical procedures were applied to confirm the 
reliability and validity of the measurement tool. 

1) Convergent validity: Convergent validity was assessed 

to determine whether indicators effectively measure their 

respective constructs. Factor loadings and Average Variance 

Extracted (AVE) were used to evaluate this, with thresholds 

suggesting validity are factor loadings > 0.6 and AVE > 0.5, 

indicating strong construct validity (Table IV). 

TABLE IV.  LOADING FACTOR AND AVE RESULTS 

Construct Indicator Factor Loading Critical Value AVE 

Attitude Toward IoT ATT1 0.951 0.6 0.897 
 

ATT2 0.937 0.6 
 

 
ATT3 0.954 0.6 

 

 
ATT4 0.947 0.6 

 

Perceived Ease of Use PEOU1 0.852 0.6 0.793 
 

PEOU2 0.89 0.6 
 

 
PEOU3 0.885 0.6 

 

 
PEOU4 0.934 0.6 

 

Perceived Usefulness PU1 0.987 0.6 0.97 
 

PU2 0.99 0.6 
 

 
PU3 0.99 0.6 

 

 
PU4 0.974 0.6 

 

2) Discriminant validity: It serves to verify that no latent 

variable overlaps significantly with another, maintaining 

construct independence. The cross-loading test was performed 

to verify whether indicators correlate more strongly with their 

designated construct than with other constructs (Table V). 
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TABLE V.  CROSS-LOADING RESULTS 

Attitude Toward 

IoT 

Perceived Ease of 

Use 

Perceived 

Usefulness 
Result 

ATT1 0.951 0.777 0.786 

ATT2 0.937 0.801 0.795 

ATT3 0.954 0.719 0.782 

ATT4 0.947 0.705 0.752 

PEOU1 0.785 0.852 0.698 

PEOU2 0.535 0.89 0.5 

PEOU3 0.50. 5 0.885 0.472 

PEOU4 0.687 0.934 0.651 

PU1 0.761 0.698 0.987 

PU2 0.76 0.5 0.99 

PU3 0.776 0.472 0.99 

PU4 0.826 0.651 0.974 

3) Reliability test: The reliability coefficients derived from 

Cronbach’s Alpha and Composite Reliability, where values 

above 0.7 are considered indicative of robust internal 

consistency (Table VI). 

TABLE VI.  RELIABILITY TEST RESULTS 

Latent Variable 
Average Variance 

Extracted (AVE) 

Critical 

Value 

Criterion 

(AVE > 0.5) 

Attitude Toward IoT 0.897 0.5 Valid 

Perceived Ease of Use 0.793 0.5 Valid 

Perceived Usefulness 0.97 0.5 Valid 

4) Structural model evaluation: Structural model 

evaluation was conducted to examine inter-construct linkages 

through multiple analytical indicators. 

R-Square (R²) quantifies how predictor variables explain 
fluctuations within the target construct (Table VII). 

TABLE VII.  R-SQUARE RESULTS 

Dependent Variable R-Square Strength of relationship 

Attitude Toward IoT 0.723 Strong 

Effect Size (f-Square) measures the impact of the influence 
of predictor variables on the outcome variable (Table VIII). 

TABLE VIII.  F-SQUARE EFFECT SIZE 

Independent Variable Attitude Toward IoT 

Perceived Ease of Use 0.337 

Perceived Usefulness 0.732 

Predictive Relevance (Q²). Predictive relevance (Q²) was 
tested to measure the predictive capacity of the model future 
outcomes (Table IX). 

TABLE IX.  Q² PREDICTIVE RELEVANCE RESULTS 

Dependent Variable SSO SSE Q2 Value 

Attitude Toward IoT 248 91.378 0.632 

5) Hypothesis testing: Hypothesis testing was conducted to 

determine whether the proposed relationships between 

constructs reach statistical significance, indicating that bot PU 

and PEOU significantly influence ATT (Table X). 

TABLE X.  PATH COEFFICIENTS AND P-VALUES 

Hypothesis Variable 

Original 

sample 

(O) 

T-statistics 

(|O/STDEV|) 

P-

values 

(5%) 

Result 

H9 

Perceived 

Usefulness -> 

Attitude 

Toward IoT 

0.564 4,613 <0.001 Supported 

H11 

Perceived 

Ease of Use -> 

Attitude 

Toward IoT 

0.382 3,454 0.001 Supported 

The results in Table X confirm that both hypotheses are 
statistically supported. For H9, the relationship between PU and 
ATT, the path coefficient is 0.564, accompanied by a T-statistic 
of 4.613 and a P-value below 0.001, indicating a statistically 
significant relationship. Since the T-statistic (4.613) surpasses 
the established benchmark of 1.96 and the P-value (<0.001) falls 
below the 0.05 significance level, the proposed hypothesis is 
confirmed by empirical evidence. This finding confirms that PU 
exerts a significant positive effect on rice farmers’ ATT. 

Similarly, H11 is supported by a path coefficient of 0.382, a 
T-statistic of 3.454, and a P-value of 0.001—each meeting the 
criteria for statistical significance (T > 1.96; P < 0.05). The data 
confirm that PEOU has a meaningful and beneficial influence 
on rice farmers’ ATT. This confirms that PPEOU significantly 
and positively influences farmers' ATT. The results confirm that 
the relationships involving PU and PEOU are statistically 
supported antecedents of rice farmers’ ATT, reinforcing the 
theoretical premises of TAM. 

D. Discussion 

This study provides empirical evidence on the key factors 
influencing rice farmers’ Attitude Toward Technology (ATT) 
within the agricultural domain. Consistent with the TAM and 
prior research, PU was found to significantly influence ATT. 
When farmers perceive IoT as a beneficial tool for enhancing 
productivity—such as improving crop yields, reducing 
operational costs, and increasing time efficiency—they are more 
inclined to adopt a positive stance. 

Similarly, PEOU emerged as a key factor in shaping 
attitudes, reaffirming TAM’s emphasis on usability. Farmers 
who regard IoT as intuitive and straightforward to use tend to 
demonstrate a higher propensity for adoption. This underscores 
the practical relevance of ergonomic system architecture, 
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focused capacity-building initiatives, and readily available 
technical assistance. 

While this study primarily concentrates on PU and PEOU, it 
is essential to recognize that additional variables—such as 
cultural context, social influence, and personal innovativeness—
may also affect farmers' technology perceptions. Future research 
could extend the model to include these complementary 
dimensions. 

Within the scope of this analysis, however, our focus 
remains on the central constructs grounded in TAM. The 
hypotheses tested (H9 and H11) confirm the significant impact 
of PU and PEOU as principal predictors of ATT, supporting the 
robustness of the conceptual framework. 

V. CONCLUSION 

This study analyzed the factors influencing rice farmers' 
attitudes toward IoT adoption, emphasizing Perceived 
Usefulness (PU) and Perceived Ease of Use (PEOU).  

A. Key Findings 

• PU significantly influences farmers’ attitudes toward IoT 
adoption. Farmers who recognize IoT as beneficial for 
improving farming practices—such as enhancing crop 
yields and efficiency — have an increased propensity to 
form a positive attitude toward the technology. 

• PEOU significantly impacts farmers’ attitudes toward 
IoT adoption. The usability of IoT systems plays a 
crucial role in adoption. Farmers who find IoT easy to 
use are more inclined to exhibit a favorable perspective, 
reinforcing the importance of designing intuitive 
technologies. 

• While the conceptual model includes other variables 
such as Optimism, Innovativeness, Discomfort, and 
others, this study specifically did not test their direct 
influence on Attitude Toward IoT. Therefore, these 
findings do not provide a conclusion on the influence of 
these variables, but rather confirm that PU and PEOU 
serve as the principal predictors of IoT adoption among 
rice farmers based on the scope and focus of this 
research. 

B. Implications for IoT Adoption in Agriculture 

• Emphasizing Benefits and Ease of Use, IoT adoption 
initiatives should clearly communicate practical benefits, 
such as increased productivity, cost savings, and time 
efficiency, while ensuring technology remains accessible 
and easy to use. 

• User-Centered IoT Development IoT systems should 
incorporate intuitive interfaces and provide adequate 
training, enabling farmers to seamlessly integrate 
technology into their agricultural practices. 

• Future Research Directions: Further studies should 
explore contextual factors, such as social norms, cultural 
influences, policy frameworks, and peer networks, which 
may shape farmers’ attitudes toward IoT adoption. 

C. Final Conclusion 

This study concludes that rice farmers’ attitudes toward IoT 
adoption are primarily shaped by PU and PEOU, highlighting 
the need for user-centric technological interventions in 
agriculture. Therefore, successful IoT implementation in 
agriculture must prioritize solutions that deliver clear benefits 
while remaining user-friendly. By ensuring accessibility and 
demonstrating tangible advantages, technology developers and 
policymakers can create an environment that fosters IoT 
adoption and enhances farming productivity. 

ACKNOWLEDGMENT 

The authors sincerely appreciate all respondents for their 
participation in this study. Their insights provided crucial data 
for the analysis. Additionally, gratitude is extended to those who 
assisted in data processing, whose support ensured accuracy in 
statistical computations and interpretation. 

REFERENCES 

[1] A. L. Duguma and X. Bai, “How the internet of things technology 

improves agricultural efficiency,” Artif Intell Rev, vol. 58, no. 2, pp. 1–

26, Feb. 2025, doi: 10.1007/S10462-024-11046-0/TABLES/5. 

[2] P. Bamurigire, A. Vodacek, A. Valko, and S. R. Ngoga, “Simulation of 

Internet of Things Water Management for Efficient Rice Irrigation in 

Rwanda,” Agriculture 2020, Vol. 10, Page 431, vol. 10, no. 10, p. 431, 

Sep. 2020, doi: 10.3390/AGRICULTURE10100431. 

[3] R. Fragomeli, A. Annunziata, and G. Punzo, “Promoting the Transition 

towards Agriculture 4.0: A Systematic Literature Review on Drivers and 

Barriers,” Sustainability (Switzerland) , vol. 16, no. 6, p. 2425, Mar. 2024, 

doi: 10.3390/SU16062425/S1. 

[4] Y. Shi, A. B. Siddik, M. Masukujjaman, G. Zheng, M. Hamayun, and A. 

M. Ibrahim, “The Antecedents of Willingness to Adopt and Pay for the 

IoT in the Agricultural Industry: An Application of the UTAUT 2 

Theory,” Sustainability 2022, Vol. 14, Page 6640, vol. 14, no. 11, p. 6640, 

May 2022, doi: 10.3390/SU14116640. 

[5] L. G. Wallace and S. D. Sheetz, “The adoption of software measures: A 

technology acceptance model (TAM) perspective,” Information & 

Management, vol. 51, no. 2, pp. 249–259, Mar. 2014, doi: 

10.1016/J.IM.2013.12.003. 

[6] R. Scherer, F. Siddiq, and J. Tondeur, “The technology acceptance model 

(TAM): A meta-analytic structural equation modeling approach to 

explaining teachers’ adoption of digital technology in education,” Comput 

Educ, vol. 128, pp. 13–35, Jan. 2019, doi: 

10.1016/J.COMPEDU.2018.09.009. 

[7] N. Mishra et al., “Technology in farming: Unleashing farmers’ behavioral 

intention for the adoption of agriculture 5.0,” PLoS One, vol. 19, no. 8, p. 

e0308883, Aug. 2024, doi: 10.1371/JOURNAL.PONE.0308883. 

[8] A. H. Tanjung et al., “Flypaper effect assessment methods in the 

expansion of regional autonomy,” MethodsX, vol. 8, p. 101387, Jan. 

2021, doi: 10.1016/j.mex.2021.101387. 

[9] R. J. Thomas, G. O’Hare, and D. Coyle, “Understanding technology 

acceptance in smart agriculture: A systematic review of empirical 

research in crop production,” Technol Forecast Soc Change, vol. 189, p. 

122374, Apr. 2023, doi: 10.1016/J.TECHFORE.2023.122374. 

[10] F. Abdullah, R. Ward, and E. Ahmed, “Investigating the influence of the 

most commonly used external variables of TAM on students’ Perceived 

Ease of Use (PEOU) and Perceived Usefulness (PU) of e-portfolios,” 

Comput Human Behav, vol. 63, pp. 75–90, Oct. 2016, doi: 

10.1016/J.CHB.2016.05.014. 

[11] N. Shafie, S. Salam, S. F. A. Fesol, and J. F. Rusdi, “Factors influencing 

technology acceptance for ubiquitous public transportation services in 

tourism,” Bulletin of Electrical Engineering and Informatics, vol. 12, no. 

6, pp. 3869–3879, Dec. 2023, doi: 10.11591/eei.v12i6.5822. 

[12] B. Mckenney and W. Gottwald, “The Impact of Perceived Usefulness and 

Perceived Ease of Use on IoT Acceptance Among Information 



(IJACSA) International Journal of Advanced Computer Science and Applications,  
Vol. 16, No. 9, 2025 

369 | P a g e  
www.ijacsa.thesai.org 

Technology Professionals: A Correlational Study,” Capella 

University ProQuest Dissertations & Theses, 2021. 

[13] R. Ninsiima, P. Mshenga, and D. Okello, “Determinants of smallholder 

barley farmers’ intentions to adopt blockchain technology: a Technology 

Acceptance Model approach in Uganda,” Front Sustain Food Syst, vol. 9, 

p. 1552637, Mar. 2025, doi: 10.3389/FSUFS.2025.1552637/BIBTEX. 

[14] H. Dong, H. Wang, and J. Han, “Understanding Ecological Agricultura l 

Technology Adoption in China Using an Integrated Technology 

Acceptance Model—Theory of Planned Behavior Model,” Front Environ 

Sci, vol. 10, p. 927668, Jun. 2022, doi: 

10.3389/FENVS.2022.927668/BIBTEX. 

[15] J. F. Rusdi et al., “Reporting of Hospital Facility on Smartphone,” in 

Journal of Physics: Conference Series, IOP Publishing Ltd, Apr. 2021, p. 

012013. doi: 10.1088/1742-6596/1807/1/012013. 

[16] J. F. Rusdi et al., “A Tourist Tracking Model by Tourist Bureau,” in 2019 

International Conference Of Science and Information Technology in 

Smart Administration (ICSINTeSA), 2019. 

[17] R. Hardi, N. Suryana, N. C. Pee, A. S. Pribadi, J. F. Rusdi, and A. Junaidi, 

“The Object Tracking System at the Service Delivery Center of the 

Traveling Salesperson Problem Method,” in Journal of Physics: 

Conference Series, IOP Publishing Ltd, Apr. 2021, p. 12034. doi: 

10.1088/1742-6596/1807/1/012034. 

[18] J. F. Rusdi, A. Nurhayati, H. Gusdevi, M. I. Fathulloh, A. Priyono, and R. 

Hardi, “IoT-based Covid-19 Patient Service Robot Design,” 3rd 

International Conference on Cybernetics and Intelligent Systems, ICORIS 

2021, 2021, doi: 10.1109/ICORIS52787.2021.9649461. 

[19] J. F. Rusdi et al., “Field Reporting Irrigation System via Smartphone,” in 

Journal of Physics: Conference Series, IOP Publishing Ltd, Apr. 2021, p. 

12012. doi: 10.1088/1742-6596/1807/1/012012. 

[20] J. F. Rusdi, M. Naseer, B. Pudjoatmodjo, S. A. Sidik, I. N. Aziz, and R. 

Hardi, “Motor Cycle SmartKey System,” in 2021 3rd International 

Conference on Cybernetics and Intelligent System (ICORIS), Institute of 

Electrical and Electronics Engineers (IEEE), Dec. 2021, pp. 1–5. doi: 

10.1109/ICORIS52787.2021.9649494. 

[21] M. S. Farooq, S. Riaz, A. Abid, T. Umer, and Y. Bin Zikria, “Role of IoT 

Technology in Agriculture: A Systematic Literature Review,” Electronics 

2020, Vol. 9, Page 319, vol. 9, no. 2, p. 319, Feb. 2020, doi: 

10.3390/ELECTRONICS9020319. 

[22] J. Xu, B. Gu, and G. Tian, “Review of agricultural IoT technology,” 

Artificial Intelligence in Agriculture, vol. 6, pp. 10–22, Jan. 2022, doi: 

10.1016/J.AIIA.2022.01.001. 

[23] W. S. Kim, W. S. Lee, and Y. J. Kim, “A Review of the Applications of 

the Internet of Things (IoT) for Agricultural Automation,” Journal of 

Biosystems Engineering, vol. 45, no. 4, pp. 385–400, Dec. 2020, doi: 

10.1007/S42853-020-00078-3/METRICS. 

[24] J. N. Ndunagu, K. E. Ukhurebor, M. Akaaza, and R. B. Onyancha, 

“Development of a Wireless Sensor Network and IoT-based Smart 

Irrigation System,” Appl Environ Soil Sci, vol. 2022, no. 1, p. 7678570, 

Jan. 2022, doi: 10.1155/2022/7678570. 

[25] E. Bwambale, F. K. Abagale, and G. K. Anornu, “Smart irrigation  

monitoring and control strategies for improving water use efficiency in 

precision agriculture: A review,” Agric Water Manag, vol. 260, p. 

107324, Feb. 2022, doi: 10.1016/J.AGWAT.2021.107324. 

[26] S. Touil, A. Richa, M. Fizir, J. E. Argente García, and A. F. Skarmeta 

Gómez, “A review on smart irrigation management strategies and their 

effect on water savings and crop yield,” Irrigation and Drainage, vol. 71, 

no. 5, pp. 1396–1416, Dec. 2022, doi: 10.1002/IRD.2735. 

[27] R. Nageswara Rao and B. Sridhar, “IoT based smart crop-field monitoring 

and automation irrigation system,” Proceedings of the 2nd International 

Conference on Inventive Systems and Control, ICISC 2018, pp. 478–483, 

Jun. 2018, doi: 10.1109/ICISC.2018.8399118. 

[28] K. Obaideen et al., “An overview of smart irrigation systems using IoT,” 

Energy Nexus, vol. 7, p. 100124, Sep. 2022, doi: 

10.1016/J.NEXUS.2022.100124. 

[29] F. Mulyawati, I. Sudarsono, and J. F. Rusdi, “Braided River Irrigation 

used Siphon Method,” IOP Conf Ser Earth Environ Sci, vol. 955, no. 1, p. 

012001, Jan. 2022, doi: 10.1088/1755-1315/955/1/012001. 

[30] J. F. Rusdi, S. Salam, N. A. Abu, S. Sahib, M. Naseer, and A. A. Abdullah, 

“Drone Tracking Modelling Ontology for Tourist Behavior,” J Phys Conf 

Ser, vol. 1201, no. 1, p. 012032, May 2019, doi: 10.1088/1742-

6596/1201/1/012032. 

[31] C. Singh, R. Mishra, H. P. Gupta, and P. Kumari, “The Internet of Drones 

in Precision Agriculture: Challenges, Solutions, and Research 

Opportunities,” IEEE Internet of Things Magazine, vol. 5, no. 1, pp. 180–

184, Mar. 2022, doi: 10.1109/IOTM.006.2100100. 

[32] P. K. Dutta and S. Mitra, “Application of Agricultural Drones and IoT to 

Understand Food Supply Chain During Post COVID-19,” Agricultura l 

Informatics: Automation Using the IoT and Machine Learning, pp. 67–

87, Jan. 2021, doi: 10.1002/9781119769231.CH4. 

[33] A. Nayyar, B. Le Nguyen, and N. G. Nguyen, “The Internet of Drone 

Things (IoDT): Future Envision of Smart Drones,” Advances in 

Intelligent Systems and Computing, vol. 1045, pp. 563–580, 2020, doi: 

10.1007/978-981-15-0029-9_45. 

[34] A. K. Saha et al., “IOT-based drone for improvement of crop quality in 

agricultural field,” 2018 IEEE 8th Annual Computing and 

Communication Workshop and Conference, CCWC 2018, vol. 2018-

January, pp. 612–615, Feb. 2018, doi: 10.1109/CCWC.2018.8301662. 

[35] H. Taherdoost, “A review of technology acceptance and adoption models 

and theories,” Procedia Manuf, vol. 22, pp. 960–967, Jan. 2018, doi: 

10.1016/J.PROMFG.2018.03.137. 

[36] Y. W. Sek, H. Deng, E. McKay, and M. Qian, “Investigating the Impact 

of Learners Learning Styles on the Acceptance of Open Learner Models 

for Information Sharing,” May 2016, Accessed: Apr. 17, 2025. [Online]. 

Available: https://arxiv.org/abs/1606.00747v1 

[37] S. Y. Wee, “An Empirical Study of Learners’ Acceptance of Open 

Learner Models in Malaysian Higher Education,” RMIT University, 

2016. 

[38] S. Liao, J. C. Hong, M. H. Wen, Y. C. Pan, and Y. W. Wu, “Applying 

Technology Acceptance Model (TAM) to explore Users’ Behavioral 

Intention to Adopt a Performance Assessment System for E-book 

Production,” Eurasia Journal of Mathematics, Science and Technology 

Education, vol. 14, no. 10, p. em1601, Jul. 2018, doi: 

10.29333/EJMSTE/93575. 

[39] L. Liu and Q. Ma, “Perceived system performance,” ACM SIGMIS 

Database: the DATABASE for Advances in Information Systems, vol. 37, 

pp. 51–59, Sep. 2006, doi: 10.1145/1161345.1161354. 

[40] R. C. Tsaur and Y. H. Lin, “Exploring the Consumer Attitude of Building -

Attached Photovoltaic Equipment Using Revised Technology Acceptance 

Model,” Sustainability 2018, Vol. 10, Page 4177, vol. 10, no. 11, p. 4177, 

Nov. 2018, doi: 10.3390/SU10114177. 

[41] Kung-teck, - Wong, R. B. Osman, P. S. Choo, - Goh, and M. K. Rahmat, 

“Understanding Student Teachers’ Behavioural Intention to Use 

Technology: Technology Acceptance Model (TAM) Validation and 

Testing,” International Journal of Instruction, vol. 6, no. 1, pp. 2432–

2440, Dec. 2012, doi: 10.1016/J.COMPEDU.2011.06.008. 

[42] E. Toros, G. Asiksoy, and L. Sürücü, “Refreshment students’ perceived 

usefulness and attitudes towards using technology: a moderated mediation 

model,” Humanities and Social Sciences Communications 2024 11:1, vol. 

11, no. 1, pp. 1–10, Feb. 2024, doi: 10.1057/s41599-024-02839-3. 

[43] W. U. H. Shah, G. Hao, R. Yasmeen, H. Yan, and Y. Qi, “Impact of 

agricultural technological innovation on total-factor agricultural water 

usage efficiency: Evidence from 31 Chinese Provinces,” Agric Water 

Manag, vol. 299, p. 108905, Jun. 2024, doi: 

10.1016/J.AGWAT.2024.108905. 

[44] A. Bagheri and N. Emami, “Famers’ Intention to Use Precision Farming 

Technologies, Application of the Extended Technology Acceptance 

Model:  A Case in Ardabil Province,” Journal of Agricultural Science and 

Technology, vol. 27, no. 1, pp. 81–95, 2025, doi: 10.22034/JAST.27.1.81. 

[45] N. Wilson, K. Keni, and P. H. P. Tan, “The role of perceived usefulness 

and perceived ease-of-use toward satisfaction and trust which influence 

computer consumers’ loyalty in China | Gadjah Mada International 

Journal of Business,” Gadjah Mada International Journal of Business, 

2021, Accessed: Apr. 17, 2025. [Online]. Available: 

https://search.informit.org/doi/epdf/10.3316/informit.147511565887487  

[46] A. Z. Bayih, J. Morales, Y. Assabie, and R. A. de By, “Utilization of 

Internet of Things and Wireless Sensor Networks for Sustainable 

Smallholder Agriculture,” Sensors 2022, Vol. 22, Page 3273, vol. 22, no. 

9, p. 3273, Apr. 2022, doi: 10.3390/S22093273. 



(IJACSA) International Journal of Advanced Computer Science and Applications,  
Vol. 16, No. 9, 2025 

370 | P a g e  
www.ijacsa.thesai.org 

[47] M. McCaig, R. Dara, and D. Rezania, “Farmer-centric design thinking 

principles for smart farming technologies,” Internet of Things, vol. 23, p. 

100898, Oct. 2023, doi: 10.1016/J.IOT.2023.100898. 

[48] I. A. C. Jimenez, L. C. C. García, F. Marcolin, M. G. Violante, and E. 

Vezzetti, “Validation of a TAM Extension in Agriculture: Exploring the 

Determinants of Acceptance of an e-Learning Platform,” Applied 

Sciences 2021, Vol. 11, Page 4672, vol. 11, no. 10, p. 4672, May 2021, 

doi: 10.3390/APP11104672. 

[49] J. Pfeiffer, A. Gabriel, and M. Gandorfer, “Understanding the public 

attitudinal acceptance of digital farming technologies: a  nationwide 

survey in Germany,” Agric Human Values, vol. 38, no. 1, pp. 107–128, 

Feb. 2021, doi: 10.1007/S10460-020-10145-2/TABLES/5. 

[50] M. E. Marescotti, E. Demartini, R. Filippini, and A. Gaviglio, “Smart 

farming in mountain areas: Investigating livestock farmers’ technophobia 

and technophilia and their perception of innovation,” J Rural Stud, vol. 

86, pp. 463–472, Aug. 2021, doi: 10.1016/J.JRURSTUD.2021.07.015. 

[51] M. McCaig, D. Rezania, and R. Dara, “Is the Internet of Things a helpful 

employee? An exploratory study of discourses of Canadian farmers,” 

Internet of Things, vol. 17, p. 100466, Mar. 2022, doi: 

10.1016/J.IOT.2021.100466. 

 


