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Introduction

Artificial Intelligence (AI) has emerged as a transformative technology with the potential
to reshape how agricultural knowledge is produced, processed, and delivered to farmers
(Olawumi et al., 2025). Al offers innovative solutions for knowledge dissemination, decision
support, and resource management in agriculture, thereby enhancing productivity, reducing
environmental impacts, and improving farmers’ livelihoods (Ibrahim, 2023). However, one of
the main challenges in integrating Al into agriculture is ensuring that farmers are willing and
able to adopt and use these technologies (Kai et al., 2025). Agricultural extension services serve
as a key mechanism for supporting farmers through the transfer of improved practices,
technologies, and innovations developed by agricultural research institutions (Olawumi et al.,
2025). In this process, extension agents and experts play a vital role in translating research into
practice, providing tailored advice, and building trust among farmers (Lawani et al., 2025).
Clearly, the anticipated economic and environmental benefits of Al in agriculture can only be
realized if extension agents and farmers are willing to adopt these technologies (Mohr & Kiihl,
2021). Therefore, it is essential to identify the factors influencing agricultural experts’ and
extension agents’ behavioral intention to use Al technologies.

Conceptual Framework

The Technology Acceptance Model (TAM) provides a robust theoretical framework for
understanding how individuals adopt new technologies and has been validated across various
technologies and populations (Jaipong et al., 2022). In this model, two core constructs—
perceived usefulness and perceived ease of use—play critical roles in determining technology
adoption and continued use of Al (Jaipong et al., 2022; Mohr & Kiihl, 2021). These constructs
shape users’ attitudes toward the technology. Davis (1993) argued that perceived usefulness
influences perceived ease of use, but not vice versa. Moreover, perceived usefulness directly
affects an individual’s behavioral intention to use a technology (Jaipong et al., 2022), while user
attitude also significantly shapes this intention (Chen et al., 2024). To account for the influence
of social context, social influence was incorporated into the TAM (Ji et al., 2019). Social
influence is defined as the degree to which an individual perceives that important others approve
of their engagement in a particular behavior (Verma & Sinha, 2017).

Purpose and Research Objectives
The present study aims to examine the factors influencing agricultural experts’ and extension

agents’ behavioral intention to use artificial intelligence (Al) in the agricultural sector, using the
Technology Acceptance Model as the theoretical framework.
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Methodology

This study employed a cross-sectional design. The statistical population consisted of agricultural
experts and extension agents in Khuzestan Province, Iran. Based on the Krejcie-Morgan table, a
total of 174 participants were selected. Data were collected using a questionnaire, the content
validity of which was confirmed by experts. The reliability of the questionnaire was measured
using Cronbach’s alpha, and all values were within acceptable ranges. All variables were
measured using a five-point Likert scale. Data analysis was conducted using SPSS 26 and
SmartPLS 4.

Results

The demographic analysis revealed that 53.4% of respondents were female (n=93) and 46.6%
were male (n=81), with an average age of 41.71 years (SD = 6.86).

Structural equation modeling results showed that perceived ease of use had a positive and
significant effect on both perceived usefulness (B = 0.564, p = 0.001) and attitude toward Al use
(B=0.402, p=10.001). Perceived usefulness also positively influenced attitude (p = 0.272, p =
0.039) and behavioral intention (B = 0.193, p = 0.009). Attitude, in turn, had the strongest
positive direct effect on behavioral intention (f = 0.725, p = 0.001).

Social influence had a significant positive effect on perceived ease of use (f = 0.661, p=0.001)
but not on perceived usefulness (B = 0.162, p = 0.152).

Indirect effect analysis indicated that social influence significantly affected perceived usefulness
(B=10.372, p=10.001), attitude (B = 0.411, p=0.001), and behavioral intention (f = 0.401, p =
0.001). Perceived usefulness also had a positive and significant indirect effect on behavioral
intention (B = 0.197, p = 0.041), whereas the indirect effect of perceived ease of use on attitude
was not significant (f = 0.153, p = 0.069). However, perceived ease of use indirectly influenced
behavioral intention significantly ( =0.511, p =0.001).

Conclusions & Implications

The findings confirm the suitability of the extended TAM as a strong theoretical
framework for understanding the determinants of Al adoption among Iranian agricultural experts
and extension agents, aligning with the results of Bagheri et al. (2024). The inclusion of social
influence in the model significantly enhanced its explanatory power for predicting attitude and
behavioral intention toward Al use, accounting for 38.3% and 71.4% of their variance,
respectively. Attitude emerged as the most influential direct predictor of behavioral intention. To
strengthen experts’ and extension agents’ intention to use Al, policymakers should focus on
providing the necessary infrastructure, training, and support to enhance their awareness,
perceived usefulness, and ease of use of Al technologies. Future studies are encouraged to
explore additional psychological and contextual variables such as Al awareness and Al-related
anxiety to gain deeper insights into adoption behavior
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