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Abstract 

 Agriculture 4.0 enhances efficiency, sustainability, and yields while supporting climate 

change mitigation and adaptation. This study explores the adoption of Agriculture 4.0 among 

131 durum wheat farmers in Sardinia, focusing on differences between marginal and non-

marginal areas. Using an extended Unified Theory of Acceptance and Use of Technology 

(UTAUT2) framework, which includes perceived performance risk, the study identifies key 

factors influencing adoption. Facilitating conditions positively impact the adoption 

intentions, and perceived performance risk has a negative impact. However, performance 
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expectancy, effort expectancy, social influence and price value don’t significantly affect 

adoption intentions. Policy recommendations include financial support, technical advice 

access, training programs, and awareness campaigns to promote adoption. These 

interventions aim to address barriers and foster equitable integration of Agriculture 4.0 

technologies across diverse farming contexts. 

 

Keywords: Agriculture 4.0, Technology Adoption; Marginal areas, Non-Marginal areas, 
UTAUT2. 

 

JEL codes: Q16; Q18; D83 

 

1. Introduction 

Marginal areas are territories where farming is challenging due to a confluence of 

biophysical, socioeconomic, and infrastructural aspects (Ahmadzai et al., 2021; Alhajj Ali et 

al., 2024; Peter et al., 2018; Sallustio et al., 2018). These territories face natural and 

geographic constraints that reduce agricultural competitiveness (Ahmadzai et al., 2022; 

Csikós & Tóth, 2023; Food & Nations, 2017; Jussila et al., 2019; Lal, 2004). On the other hand, 

non-marginal areas benefit from better natural resources, more established infrastructure, 

and more access to markets, technology, and research and development (R&D) (Coxhead et 

al., 2002; Hidayat et al., 2024; Rondinelli, 1992; Ruddle, 1991). These areas are often better 

integrated into regional, national, and worldwide agricultural markets, resulting in increased 

production and economic benefits (Hidayat et al., 2024; Jouanjean, 2013; Long et al., 2016).  
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Farmers in non-marginal areas are generally more willing to accept new technologies due to 

improved access to credit and extension services, which reduce perceived risks and 

increase the possibility of successful adoption (Pannell et al., 2006; Rogers, 2003; Yigezu et 

al., 2018).  Differently,  farmers in marginal areas are more likely to be risk-averse and 

hesitant to adopt new technologies due to uncertainties about their effectiveness and the 

potential financial risks involved (Girma et al., 2023; Marra et al., 2003; Wu et al., 2023). 

These farmers may also lack the technical knowledge and skills required to effectively 

implement and benefit from new technologies, as well as the necessary support systems for 

ongoing innovation and R&D (Abrol & Ramani, 2014; Douthwaite et al., 2001; Klerkx et al., 

2019; Scoones et al., 2009). Agriculture 4.0 may provide a transformative opportunity to 

solve these imbalances. Agriculture 4.0, an advanced framework that incorporates 

technologies such as the Internet of Things (IoT), Artificial Intelligence (AI), robotics, 

precision farming, and big data analytics, has the potential to transform farming methods in 

a variety of situations (Abiri et al., 2023; Fuentes-Peñailillo et al., 2024; Raj et al., 2021; 

Stupina et al., 2021; Wolfert et al., 2017).  IoT systems enable real-time monitoring of soil, 

crops, and equipment (e.g., moisture sensors and smart irrigation) (Osservatori.net, 2023).  

Precision agriculture tools such as GPS-guided machinery and variable-rate technology 

(VRT) optimize the use of inputs like fertilizers, pesticides, and water (McCormick, 2023) 

being tools to achieve more sustainable farming systems. Remote sensing technologies and 

drones are destinated to crop health analysis and yield forecasting (Maffezzoli et al., 2022). 

Robotics and automation through autonomous tractors, harvesters, and weeding robots 

help reduce labor requirements (McCormick, 2023; Osservatori.net, 2023) , while AI and 
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machine learning offer predictive analytics and decision support (Abiri et al., 2023). 

Additionally, blockchain and cloud computing enhance traceability and data management, 

big data analytics support informed forecasting and strategic planning (Maffezzoli et al., 

2022), and mobile applications provide farmers with access to weather data, technical 

assistance, and real-time market prices (AgendaDigitale, 2023). Together, these 

technologies not only improve efficiency and productivity but also reduce environmental 

impact and enhance climate resilience. These advances are intended to maximize resource 

utilization, boost crop yields, and improve overall farm management, being extremely 

advantageous, especially in marginal areas (Abiri et al., 2023; Benfica et al., 2023; Klerkx et 

al., 2019; Rose & Chilvers, 2018; Saidakhmedovich et al., 2024). However, whereas non-

marginal areas are well-positioned to adopt these technologies, marginal areas face major 

barriers (Benfica et al., 2023; Klerkx et al., 2019; Mercure et al., 2021; Saidakhmedovich et 

al., 2024).  Understanding these constraints is critical to ensure that the benefits of 

Agriculture 4.0 are more widely realized, thereby possibly bridging the development gap 

between marginal and non-marginal areas (Burland & von Cossel, 2023; Kirk & Cradock-

Henry, 2022; Sureth et al., 2023). A complex interaction of elements such as economic 

situations, information access, social influences, and individual perceptions of risk and 

benefit impact farmers' attitudes and behaviours regarding new technology adoption (Adrian 

et al., 2005; Brick & Visser, 2015; Rizzo et al., 2024; Sabbagh & Gutierrez, 2022, 2023). 

Previous studies investigated such elements on smart agriculture technologies in the Italian 

context (Caffaro & Cavallo, 2019; Caffaro et al., 2020; Caffaro et al., 2019).  
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To investigate these dynamics,this research utilized the Unified Theory of Acceptance and 

Use of Technology 2 (UTAUT2) model (Venkatesh et al., 2012), which provides a 

comprehensive framework for understanding technology adoption (Alghatrifi & Khalid, 2019; 

Macedo, 2017; Tamilmani et al., 2021).  

 UTAUT2 expands on the original UTAUT model, which identifies core factors that influence 

technology acceptance and use (Chang, 2012; Venkatesh et al., 2012). UTAUT2 introduces 

additional variables such as hedonic motivation, price value, and habit that capture a more 

comprehensive understanding of consumer and user behaviour in different contexts such 

as mobile applications, digital communication, e-health, educational tools, banking, 

agriculture, etc. (An et al., 2016; Arain et al., 2019; Arenas Gaitán et al., 2015; Chang, 2012; 

Medeiros et al., 2022; Venkatesh et al., 2012; Widodo et al., 2019). As well, UTAUT2 is 

important in understanding technology adoption since it explains both short-term and long-

term technology use (Diekmann & Theuvsen, 2019). Moreover, research has shown that 

perceived performance risk predicts the intention to adopt a new technology (Abikari, 2024; 

Budhi & Aminah, 2010; Budhi et al., 2022; Deng et al., 2018; Diekmann & Theuvsen, 2019; 

Hasselwander & Weiss, 2024; Sohn, 2024). For this reason, we extended the UTAUT2 model 

to include the variable of perceived performance risk (Featherman & Pavlou, 2003).  

We focus our analysis on durum wheat farmers in the Sardinia region, considering both 

marginal and non-marginal conditions. Sardinia's unique agricultural landscape, with 

considerable regional differences, makes it an appropriate case study for investigating these 

dynamics. Some areas of Sardinia suffer severe challenges due to low soil quality, water 

scarcity, and limited infrastructure (Fraser-Baxter, 2024). Durum wheat, a key crop in the 
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region and vital to producing traditional items such as pasta and bread, is inseparably linked 

to Sardinian history and the local economy (Mefleh et al., 2019; Soddu et al., 2013). 

Furthermore, durum wheat agriculture in Sardinia is particularly sensitive to environmental 

conditions, making it a great indicator of the overall agricultural issues faced across the 

region (Mereu, 2010). 

Agriculture 4.0 technologies may improve durum wheat sowing, monitor soil moisture and 

nutrient levels in real time, and predict crop diseases before they spread (Balyan et al., 2024; 

Güven et al., 2023; Shafi et al., 2019; Trivelli et al., 2019). The geographical differences in 

durum wheat yields in Sardinia, caused by different soil quality, water availability, and 

infrastructure, make it a suitable case study for investigating farmers' intentions to 

implement Agriculture 4.0 technologies in marginal and non-marginal areas. 

This study is pioneering in proposing an expanded UTAUT2 model to explore the behavioural 

factors influencing the adoption of Agriculture 4.0 technologies in marginal and non-

marginal settings. The implications of this study may extend beyond Sardinia, providing 

significant insights into the broader challenges and opportunities associated with the 

adoption of agricultural technologies. The findings could help shape agricultural policies 

that promote sustainable farming practices and economic development in locations with 

similar agricultural profiles. Moreover, it intends to contribute to the global discourse on 

sustainable agricultural innovation by offering a detailed knowledge of the factors that 

influence technology adoption, thereby assisting in the transition to more resilient and 

efficient farming systems. This leads to the central research question: “What are the key 
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factors influencing farmers’ behavioural intention to adopt Agriculture 4.0 technologies in 

Sardinia?” 

This research aligns with several United Nations Sustainable Development Goals (SDGs), 

specifically SDG 2 (Zero Hunger), SDG 9 (Industry, Innovation, and Infrastructure), and SDG 

12 (Responsible Consumption and Production). By investigating the behavioural and 

structural factors that influence the adoption of Agriculture 4.0 technologies, especially in 

marginal areas, the study contributes to the broader agenda of building resilient food 

systems and fostering inclusive and sustainable economic growth in rural areas (SDG 8). 

Moreover, promoting the use of resource-efficient technologies directly supports climate 

action goals (SDG 13) by reducing environmental impact and improving adaptation to 

climate-related risks. This study contributes to the ongoing discussion on farmers’ 

motivations and aspirations in agricultural innovation. As noted by Arata and Menozzi (2023), 

there is a need for multidimensional approaches that account for both individual drivers and 

contextual influences on farmer behaviour. While recent contributions, such as Deißler et 

al. (2022), have explored the role of personality traits in shaping aspirations in smallholder 

contexts, our work adds to this conversation by focusing on behavioural intentions toward 

Agriculture 4.0 use. By drawing on the Theory of Planned Behaviour, our approach 

emphasizes farmers' perceptions and attitudes as key drivers of decision-making. These are 

the factors that, while distinct from personality traits, are similarly influential in shaping 

future-oriented action. This alignment offers a complementary perspective to the journal’s 

growing body of research on aspirations and innovation adoption. The paper is structured as 

follows: section 2 outlines the theoretical framework and hypotheses; section 3 details the 
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methodology, including data collection and analysis methods; section 4 presents and 

discusses the results; section 5 provides conclusions, and section 6 addresses the study's 

limitations. 

 

2. Agriculture 4.0 and Behavioural Models for the Adoption of New 

Technologies. 

2.1 Agriculture 4.0 in marginal and non-marginal areas 

Agriculture 4.0 represents a transformative shift in farming, leveraging advanced 

technologies such as precision agriculture, IoT, AI, robotics, and big data analytics to 

enhance efficiency, optimize resource use, and foster sustainable agricultural practices 

(Abiri et al., 2023; Wolfert et al., 2017). These technologies have the potential to revolutionize 

farming in both marginal and non-marginal areas, but their adoption and impact vary 

significantly due to differences in infrastructure, access to resources, and socioeconomic 

conditions between the two regions (Ahmadzai et al., 2022; Klerkx et al., 2019). Non-

marginal regions often benefit from stable and predictable weather patterns, ensuring that 

Agriculture 4.0 technologies  can function optimally (Mana et al., 2024; Pechlivani et al., 

2023). These tools, which include IoT sensors that monitor crop health, soil moisture levels, 

and pest infestations, empower farmers to make data-driven decisions that enhance 

productivity, reduce resource consumption, and promote environmental sustainability 

(Fuentes-Peñailillo et al., 2024; Raj et al., 2021). The availability of advanced farming 

machinery and technologies, such as AI-driven machinery and variable rate technology 
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(VRT), further contributes to higher productivity, with less environmental impact (Shafi et al., 

2019; Van Klompenburg et al., 2020).  

On the other hand, marginal areas face a host of challenges that hinder the adoption of 

Agriculture 4.0 technologies. Marginal areas are often characterized by poor soil quality, 

limited water resources, geographical isolation, and inadequate infrastructure, which 

restrict the applicability of advanced farming technologies (Ahmadzai et al., 2021; Jacobs et 

al., 2022). These regions are prone to extreme environmental conditions such as drought, 

floods, heat waves, soil erosion and water scarcity, making it difficult to implement 

technologies like precision irrigation or smart farming systems that rely on consistent 

environmental data (Akter et al., 2023; Cogato et al., 2019; Wheaton & Kulshreshtha, 2017). 

The absence of digital literacy and technical support networks in these regions makes it even 

more challenging for farmers to adopt new technologies (Dibbern et al., 2024; Ruzzante et 

al., 2021). As a result, farmers in these areas often lack the knowledge or resources to 

implement technologies such as IoT sensors, AI-driven machinery, and other forms of 

Agriculture 4.0 (Douthwaite et al., 2001; Klerkx et al., 2019). 

Additionally, the high cost of adopting advanced technologies further exacerbates the divide 

between marginal and non-marginal areas. While financial support mechanisms such as 

subsidies and loans are more readily available in non-marginal areas, farmers in marginal 

regions often have limited access to credit and financial resources, making it difficult for 

them to invest in expensive technologies like artificial intelligence (AI) driven machinery or 

VRT (Klerkx et al., 2019; Yigezu et al., 2018). In marginal areas, where the financial risks of 

farming are already high due to environmental unpredictability, the upfront investment in 
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advanced technologies can seem discouraging (Hurlbert et al., 2019; Khan et al., 2024). 

Without sufficient financial backing, many farmers prioritize short-term survival, limiting 

their ability to make long-term investments in precision farming tools that could potentially 

enhance productivity (Marra et al., 2003). 

Environmental factors, including the vulnerability to climate change, further differentiate the 

two regions in terms of Agriculture 4.0 adoption. In non-marginal areas, stable climatic 

conditions, fertile soils, and reliable access to water resources make it easier to deploy 

Agriculture 4.0 (Javaid et al., 2022; Solaw, 2011). Technologies that rely on real-time data on 

soil moisture and weather conditions can significantly enhance water use efficiency and 

boost agricultural productivity (Balyan et al., 2024). However, marginal areas face more 

unpredictable environmental factors that challenge Agriculture 4.0. In these areas, the high 

variability of environmental conditions means that Agriculture 4.0 may not deliver accurate 

or effective results unless adapted specifically to local conditions (Jacobs et al., 2022). 

Social and cultural factors also influence the adoption of Agriculture 4.0 technologies, with 

farmers in non-marginal areas typically more exposed to modern farming practices and 

educational programs (Ahmed & Ahmed, 2023; Nhuong & Truong, 2024). In these regions, 

farmers often have access to extension services, training programs, and education that 

promote the adoption of innovative technologies (Gardezi & Bronson, 2020; Raji et al., 2024; 

Ruzzante et al., 2021). Their more favourable attitudes towards technology adoption are 

often supported by governmental and institutional initiatives aimed at integrating new 

technologies into farming practices (Cramb, 2000; Tey & Brindal, 2012). In contrast, farmers 

in marginal areas may be more risk-averse, especially when their livelihoods are already 
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precarious due to environmental and financial challenges (Scoones et al., 2009). The limited 

access to education, technical knowledge, and extension services in these regions further 

limits the willingness and ability of farmers to adopt new technologies, resulting in slower 

adoption rates compared to non-marginal areas (De Rosa & Chiappini, 2012; Girma et al., 

2023; LEAP, 2023; Masi et al., 2023; Wu et al., 2023). 

The differences in the adoption of Agriculture 4.0 technologies between marginal and non-

marginal areas highlight the need for tailored interventions. While non-marginal areas focus 

on optimizing technology and fostering innovation, marginal areas require foundational 

efforts to improve basic infrastructure, enhance digital literacy, and address the specific 

environmental and socioeconomic challenges that hinder technology adoption (Elsawah et 

al., 2020; Loo et al., 2023; Mazzucato & Willetts, 2019). The development of affordable, 

locally tailored technologies and support systems is crucial for ensuring that farmers in 

marginal areas can benefit from the transformative potential of Agriculture 4.0, without 

exacerbating existing inequalities (Jacobs et al., 2022; Klerkx et al., 2019).  

Agriculture 4.0 technologies present a stark contrast between marginal and non-marginal 

agricultural areas due to inherent disparities in natural resources, infrastructure, 

socioeconomic conditions, and access to technology (Ahmadzai et al., 2022; Klerkx et al., 

2019; Saidakhmedovich et al., 2024). Understanding these contrasts is critical for 

developing strategies that ensure equitable access to these technologies and bridge the 

development gap. 

 

2.2 The Unified Theory of Acceptance and Use of Technology 2  
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This study utilizes the UTAUT2 model to explore the factors affecting farmers' intentions to 

adopt Agriculture 4.0 technologies. The UTAUT2 model, introduced by Venkatesh et al. 

(2012), expands upon the original UTAUT framework by integrating additional constructs 

pertinent to consumer-related contexts. The original UTAUT model emerged from 

synthesizing eight theoretical frameworks from various disciplines, focusing on 

technological change and adoption.: Innovation Diffusion Theory IDT (Rogers, 1962); Theory 

of Reasoned Action TRA (Ajzen & Fishbein, 1980); Theory of Planned Behaviour TPB (Ajzen, 

1991); Social Cognitive Theory SCT (Bandura, 1986); Technology Acceptance Model TAM 

(Davis, 1989); Model of PC Utilization MPCU (Thompson et al., 1991); Motivational Model MM 

(Davis et al., 1992); Combined TAM-TPB C-TAM (Taylor & Todd, 1995). The main value of this 

model arises from bringing a historical light on technology use by working around a set of 

constructs; that is, concepts that encapsulate what is central to the effects of technology 

use from a user’s intention perspective (Yu, 2012). The UTAUT model centered on four 

constructs: Performance Expectancy (PE), Effort Expectancy (EE), Social Influence (SI), and 

Facilitating Conditions (FC) with moderating demographic inputs: gender, age, level of 

experience, and voluntariness of use (Venkatesh et al., 2003). Table 1 below illustrates these 

constructs alongside their theoretical origins, showcasing how each is rooted in one or more 

of the eight foundational models. Building on the theoretical foundation of UTAUT, Venkatesh 

et al. (2012) introduced the UTAUT2 model, a pivotal framework that emphasizes the 

consumer perspective by incorporating three key factors: Hedonic Motivation, Price/Value, 

and Habit. This enhancement significantly boosts the model's predictive accuracy for 

estimating user adoption, reaching up to 74% (Venkatesh et al., 2016). The UTAUT2 model's 
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applicability has been widely recognized as a robust framework within the technology 

industry. The extensive body of research supporting it underscores its effectiveness in 

analysing the adoption of new technologies, especially in diverse cultural and social 

contexts (Šumak & Šorgo, 2016). Several studies, such as those by Ena and Siewa (2022) 

Toral et al. (2018), have utilized the UTAUT2 model to investigate the factors influencing 

farmers' adoption of precision agriculture technologies. 
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Table 1. The main constructs of UTAUT and their origins 
Constructs Variables Model contributing to 

constructs 
Performance expectancy 

Perceived usefulness 

Technology Acceptance Model 
(TAM) (Davis, 1989)  
 
Combined TAM-TPB (Taylor & 
Todd, 1995) 

Extrinsic motivation Motivational Model MM (Davis 
et al., 1992) 

Job-fit Model of PC Utilization MPCU 
(Thompson et al., 1991) 

Relative advantage Innovation Diffusion Theory IDT 
(Rogers, 1962) 

Outcome expectations Social Cognitive Theory SCT 
(Bandura, 1986) 

Effort Expectancy Perceived ease of use Technology Acceptance Model 
(TAM) (Davis, 1989) 

Complexity Model of PC Utilization MPCU 
(Thompson et al., 1991) 

Social Influence  
 
 
Subjective norms 

Theory of Reasoned Action TRA 
(Ajzen & Fishbein, 1980) 
Theory of Planned Behaviour 
TPB (Ajzen, 1991) 
Technology Acceptance Model 
(TAM) (Davis, 1989) 
Combined TAM-TPB C-TAM 
(Taylor & Todd, 1995) 

Social factors Model of PC Utilization MPCU 
(Thompson et al., 1991) 

Image Innovation Diffusion Theory IDT 
(Rogers, 1962) 

Facilitating Conditions  
Perceived behavioural 
control 

Theory of Planned Behaviour 
TPB (Ajzen, 1991) 
Combined TAM-TPB (Taylor & 
Todd, 1995) 

Facilitating conditions Model of PC Utilization MPCU 
(Thompson et al., 1991) 

Complexity Innovation Diffusion Theory IDT 
(Rogers, 1962) 
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2.3 Selected variables for the study 

This study engages important variables from the UTAUT2 (Venkatesh et al., 2012) as well as 

the variable of perceived performance risk (Featherman & Pavlou, 2003) to cope with the 

extended research model and better understand the factors influencing farmer acceptance 

of Agriculture 4.0 technologies. Each variable indicates a distinct feature that may influence 

a farmer's willingness to adopt Agriculture 4.0 technologies. As a result, the variables 

chosen for this study are presented below. 

Firstly, Performance Expectancy (PE) refers to the degree to which individuals believe that 

using technology will help them achieve gains in job performance (Venkatesh et al., 2012).In 

the context of Agriculture 4.0, this construct captures farmers' expectations regarding the 

improvement in crop yield, efficiency, and overall farm productivity due to the adoption of 

advanced technologies. Previous research has seen this variable for its influence on the 

adoption of Agriculture 4.0 (Kolady et al., 2021; Paustian & Theuvsen, 2017). Therefore, 

based on this, the following research hypothesis is proposed: 

 H1: PE directly and positively influences farmers' intention to adopt Agriculture 4.0 

technologies. 

Secondly, Effort Expectancy (EE) is defined as the degree of ease associated with the use 

of the technology (Venkatesh et al., 2012). For farmers, this relates to the perceived ease of 

learning and using Agriculture 4.0 technologies, including IoT devices, data analytics tools, 

and automated machinery. Previous research has studied this variable to understand its 
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influence on Agriculture 4.0’s adoption (Fragomeli et al., 2024; Giua et al., 2022). Hence, we 

investigate the research hypothesis that: 

H2: EE directly and positively influences farmers' intention to adopt Agriculture 4.0 

technologies. 

Then, Social Influence (SI) refers to the degree to which individuals perceive that important 

others believe they should use the new technology (Venkatesh et al., 2012). In agricultural 

communities, social influence can come from peers, family members, agricultural advisors, 

and community leaders. In the context of the study, it is the degree to which a farmer believes 

that important people support their use of Agriculture 4.0 for their daily field tasks. Previous 

studies have provided empirical support that evidences the impact of SI on the use of a new 

technology (Moriuchi, 2021). Zhai et al. (2020) and Harisudin et al. (2023) have studied this 

variable to examine its influence on the adoption of Agriculture 4.0. In this context, our 

hypothesis is the following: 

H3: SI directly and positively influences farmers' intention to adopt Agriculture 4.0 

technologies. 

Also, Facilitating Conditions (FC) are the degree to which an individual believes that an 

organizational and technical infrastructure exists to support the use of the technology 

(Venkatesh et al., 2012). This includes access to necessary resources, such as training 

programs, technical support and funds. Previous research analysed FC from the standpoint 

of influence on adoption, specifically, Agriculture 4.0 (Da Silveira et al., 2023; Giua et al., 

2022). Thus, our research hypothesis is formulated as follows: 
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H4: FC directly and positively influences farmers' intention to adopt Agriculture 4.0 

technologies. 

In addition, the Price Value (PV) variable has introduced to capture the farmer’s evaluation 

of whether the benefits of adopting Agriculture 4.0 technologies justify the costs   (Venkatesh 

et al., 2012). Previous studies have evidenced the effect that price/value has on technology 

adoption, a process that is enhancing in itself, and as such, provides a positive feeling and 

impact on users (Moorthy et al., 2019; Palau-Saumell et al., 2019). The research hypothesis 

is formulated as follows: 

H5: PV directly and positively influences farmers' intention to adopt Agriculture 4.0 

technologies. 

Finally, Perceived Performance Risk (PR) refers to the potential negative outcomes 

associated with the use of technology, such as financial loss and crop failure. This construct, 

introduced by Featherman and Pavlou (2003), is particularly relevant in the agricultural 

sector where adopting new technologies often involves significant risks. Understanding PR 

is crucial as it influences farmers' willingness to adopt innovative agricultural technologies 

like those encompassed in Agriculture 4.0. Several studies have incorporated PR to predict 

the adoption of Agriculture 4.0 technologies (Cook et al., 2022; Fragomeli et al., 2024; 

Kendall et al., 2022). For that, the proposed research hypothesis is the following: 

H6: PR directly and negatively influences farmers' intention to adopt Agriculture 4.0 

technologies. 



 

18 
 

The extended UTAUT2 model, with the addition of Perceived Performance Risk, provides a 

comprehensive framework for understanding the adoption of Agriculture 4.0 technologies. 

The research model is depicted in Figure 1. 

 

                                       Figure 1: The research model 

3. Methods 

3.1. Survey Design 

The survey’s questionnaire was divided into three sections. The first section explained the 

scenario and the research objectives, as well as the definition of Agriculture 4.0, its 

advantages, and the related investments. To ensure participants clearly understood the 

concept of Agriculture 4.0, the questionnaire provided a detailed definition inspired by the 

International Association of Precision Agriculture. Agriculture 4.0 was described as a data-

driven farm management strategy where information is collected, processed, and analyzed 

to guide decisions aimed at improving the efficiency of resource use, productivity, quality, 

profitability, and sustainability. The definition was accompanied by examples of potential 

benefits, such as reducing resource waste (e.g., more efficient fertilizer and pesticide use), 
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increasing yields and improving crop quality, enhancing work conditions and efficiency 

through automation, enabling traceability from production to consumer. Furthermore, 

examples of specific Agriculture 4.0 tools and their estimated costs were provided. This 

allowed respondents to better relate to the technologies under investigation and reflect on 

their potential adoption. A summary is presented in Table 2. 

 The second section included questions about the farmers’ socio-economic characteristics 

(Table 3). This survey section featured the use of nominal and ordinal scales. The third 

section contained questions about the major constructs included in the UTAUT2 research 

model, which are PE, EE, SI, FC, PV, PR , and BI. Specifically, PE was measured using four 

items. These items were relative to the respondents’ belief that Agriculture 4.0 reduces the 

use of phytosanitary treatments, increases yield, enhances durum wheat’s quality, and is 

compatible with other technologies that the farmer already uses to cultivate durum wheat.  

EE was evaluated using three items related to respondents’ belief that Agriculture 4.0 

reduces time and workloads and allows for better organization of work, limiting injuries in 

the cultivation of durum wheat, especially on the most difficult surfaces. SI was measured 

using three items reflecting the usefulness of considering the opinion of other farmers 

regarding the adoption of Agriculture 4.0, the easiness of using Agriculture 4.0 if other 

farmers close to the respondents’ farms utilize it, and the belief of considering the adoption 

of this technology if farmers’ associations will actively promote it.  FC was assessed with 

three items related to the belief of having the necessary knowledge for the adoption of 

agriculture 4.0 on durum wheat, the belief of having easy access to technical advice in using 

this technology as well, as the reliance that the stabilization of a specific measure in the 
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Rural Development Program (RDP) in Sardinia Region with a capital contribution greater than 

or equal to 60%  would lead respondents to invest in Agriculture 4.0. Furthermore, the PV 

construct was assessed with three items related to the belief that Agriculture 4.0 could 

reduce the cost of durum wheat production, obtaining more profits and promoting the 

efficient work of the farmers as well. PR was measured with three items regarding the 

possibility that Agriculture 4.0 could generate more problems than solutions in managing the 

farm, tying the farmer as well to external consultants and experts, and creating more 

administrative work diverting the farmer from fieldwork. The intention to invest in Agriculture 

4.0 was measured with three items regarding the near future intention of adopting this 

technology.  

Intentions and attitudes cannot be quantified directly (Straub et al., 2004). However, they 

can be indirectly quantified through observed and measurable indicators using scaling 

approaches (Gefen et al., 2000). To this end, a five-point Likert-type scale ranging from 

“strongly disagree” (-2) to “strongly agree” (2) was used to measure the participants’ 

attitudes, beliefs, and opinions about the adoption of Agriculture 4.0 (see Table 4 for the 

mean and standard deviation of scores). The structural equation model (SEM) was used for 

the analysis of the results since it allows testing all the relationships between the observed 

and latent variables simultaneously by combining multiple regression with factor analysis 

and provides general adjustment statistics (Iacobucci, 2010). In addition, it can consider the 

measurement error with the observed variables (Hair et al., 2006). 

Table 2: Precision Agriculture Tools: Functionalities and Investment Estimates 
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Technology / Tool Functionality Estimated Cost 

4.0 Tractors & 

Implements 

Onboard computer, automatic guidance, 

automated spraying/fertilization 

+ €5,000 over traditional 

machinery 

Weather Stations & 

DSS (Decision Support) 

Real-time weather and field monitoring, 

pest/disease alerts, irrigation/fertilization 

advice 

From €1,500 upwards 

Analytics Platforms & 

Farm Apps 

Integration of field data from sensors, drones, 

and equipment; decision support 
€500–€2,500 per year 

Drones 
Aerial imaging, multispectral surveys, 

application of treatments 

From €5,000 (excluding pilot 

license) or €25–€200/ha if 

outsourced 

 

 

3.2. Data Collection 

An online questionnaire was distributed from November 20th, 2023 to February 26th, 2024, 

to 217 randomly selected durum wheat farmers in Sardinia, Italy, with the help of a farmers’ 

association, Coldiretti Sardinia. The sample was obtained using a convenience sampling 

method facilitated by Coldiretti. It is not statistically representative of the full Sardinian 

farming population but includes a diverse range of farm sizes and conditions. To better 

understand the participants' perspectives, we asked whether they believe the land used for 

cultivating durum wheat meets the criteria for marginal lands. In the questionnaire, we 

defined marginal lands, according to existing scientific literature (Ahmadzai et al., 2022; 

Csikós & Tóth, 2023; Food & Nations, 2017; Jussila et al., 2019; Lal, 2004), , as areas 

characterized by poor soil quality, limited rainfall, extreme temperatures, and inadequate 

access to transportation and communication networks Respondents who indicated that 
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their land fit this description were classified as cultivating in marginal conditions, while 

those who did not were classified as operating in non-marginal conditions. By that, the 

sample was divided into two groups: farmers located in marginal areas and those in non-

marginal areas.  Overall, 86 questionnaires were eliminated due to incomplete ones and 

small duration completion (less than 4 minutes, i.e., less than half the median duration of 

the interview).  

In Table 3, we present the demographic and socio-economic characteristics of the 

participants in marginal and non-marginal conditions. The majority of respondents are male 

in both non-marginal and marginal conditions, with a slightly higher percentage of females 

in marginal conditions.  The age distribution is quite similar between the two groups, with the 

majority being between 50-64 years old. This indicates that middle-aged farmers form the 

core demographic in both non-marginal and marginal conditions. Education levels are 

comparable across both conditions, with most respondents having a high school diploma or 

less. Most farms are multi-generational family farms, with a slightly higher presence of first-

generation farms in marginal conditions (a first-generation farm refers to one where the 

current farmer is the first in their family to establish or manage a farming business, as 

opposed to multi-generational family farms passed down through successive generations). 

There is a notable difference in the likelihood of having a successor between the two 

conditions. Non-marginal farms are more optimistic about having successors compared to 

marginal farms, where a significant percentage are unlikely to have successors. This is 

aligned with Lobley et al. (2010) who showed that farm succession planning is more 

prevalent in financially stable farms, where future prospects are more secure and with Kimhi 
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and Nachlieli (2001) who indicated that farm profitability and stability significantly influence 

the likelihood of having successors, with marginal farms often facing more uncertainty. 

Moreover, yield levels are higher in non-marginal conditions, with a notable percentage 

achieving between 2,1-4 tons/ha. Marginal conditions show a greater proportion of farms 

with yields less than 2 tons/ha. This could be due to the fact that yield performance is related 

to farm management practices and resource availability, which are typically better in non-

marginal conditions (Fischer et al., 2014) and as well the fact that non-marginal lands benefit 

from better soil quality, access to water, and inputs leading to higher yields compared to 

marginal lands (Tilman et al., 2011). 
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Table 3 Demographic and Socio-Economics Characteristics of the respondents 

Socio-Economic 
Variables 

Category Non-Marginal 
Conditions 

(N=72) 

Marginal Conditions  
(N=59) 

Frequency % Frequency  % 
Gender Male 63 87.50 49 83.05 

Female 9 12.50 10 16.95 
Age 18-49 years  24 33.33 19 32.20 

50-64 years 37 51.39 30 50.85 
> 65 years 11 15.28 10 16.95 

Educational Level Lower than high 
school diploma 

35 48.61 28 47.46 

High school 
diploma 

31 43.06 24 40.68 

University 
degree 

6 8.33 7 11.86 

Characteristics 
of the Farm 
 
  

Family farm for 
several 
generations  

62 86.11 49 83.05 

First generation 
family farm 

9 12.50 10 16.95 

Part of a 
corporate 
enterprise  

1 1.39 0 0 

The Probability 
that the Farm Will 
Have a Successor 
 

None  8 11.11 6 10.17 
Unlikely 11 15.28 26 44.08 
Likely 40 55.56 21 35.59 
Very Likely 5 6.94 3 5.08 
Certainly 8 11.11 3 5.08 

Average Yield Per 
Hectare Of The 
Area Cultivated 
With Durum 
Wheat 
 

< 2 t/ha  5 6.94 8 13.56 
2.1 - 3 t/ha 39 54.17 37 62.72 
3.1 - 4 t/ha 23 31.95 13 22.03 
> 4.1 t/ha 

5 6.94 1 1.69 

Experience 
Agriculture 4.0 
Techniques 
 

I have no 
experience with 
Agriculture 4.0 
techniques.  

32 44.44 33 55.94 
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Table 4. Summary statistics of the Agriculture 4.0 related items and latent components  
Agriculture 4.0 items and latent 
components 

Variables Non-Marginal 
Conditions 

(N=72) 

Marginal Conditions 
(N=59) 

 
 Mean(M) StDev(SD) Mean(M) StDev(SD) 

Performance Expectancy (I Believe that…) PE 0.93 0.07 0.68 0.09 

Agriculture 4.0 would help the cultivation of 
durum wheat by reducing the use of resources 
such as, for example, fertilizers and 
phytosanitary treatments. 

PE1 

1.15 0.09 0.80 0.12 

Thanks to Agriculture 4.0, we can increase the 
yield per hectare of durum wheat. 

PE2 0.92 0.09 0.54 0.12 

 Agriculture 4.0 allows for a better quality of 
durum wheat production. 

PE3 0.85 0.09 0.49 0.13 

Agriculture 4.0 is compatible with the other 
technologies I already use to cultivate durum 
wheat. 

PE4 
0.88 0.09 0.81 0.11 

Effort Expectancy (I Believe that …) EE 
0.76 0.07 0.58 0.10 

I don't use 
these 
techniques, but 
I've seen them 
used by others 
and I think I'm 
somewhat 
familiar with 
them. 

13 18.06 13 22.03 

I use Agriculture 
4.0 techniques. 

27 37.50 13 22.03 
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Agriculture 4.0 allows us to reduce time and 
workload in the cultivation of durum wheat. 

EE1 0.89 0.10 0.66 0.13 

Agriculture 4.0 allows for better organization of 
work in cultivating durum wheat. 

EE2 0.97 0.08 0.81 0.10 

Agriculture 4.0 can limit injuries in the 
cultivation of durum wheat, especially on the 
most difficult surfaces. 

EE3 
0.46 0.10 0.22 0.14 

Social Influence (I Believe…) SI 0.83 0.06 0.60 0.11 

It is useful to consider the opinions of other 
farmers regarding the adoption of Agriculture 
4.0 techniques. 

SI1 
0.92 0.08 0.81 0.13 

It would be easier to use Agriculture 4.0 
techniques if other farmers close to my farm 
also used it. 

SI2 
0.69 0.09 0.41 0.13 

I would consider adopting Agriculture 4.0 
techniques if Farmers' Associations actively 
promoted their use. 

SI3 
0.88 0.08 0.58 0.14 

Facilitating Conditions (I Believe …) FC 0.76 0.07 0.51 0.11 

I have all the necessary knowledge for the 
adoption of Agriculture 4.0 in the cultivation of 
durum wheat. 

FC1 
0.26 0.12 -0.03 0.17 

 The stabilization of a specific measure in the 
RDP in the Sardinia Region, with a capital 
contribution greater than or equal to 60% for 
companies that invest in Agriculture 4.0, would 
lead me to invest in these new technologies. 

 

FC2 1.15 0.09 0.83 0.16 

 Agriculture 4.0 technologies are compatible 
with those I already use. 

FC3 0.72 0.10 0.54 0.14 

Price Value (Thanks to the use of 
Agriculture 4.0 …) 

PV 
0.87 0.08 0.75 0.13 

A reduction in the cost of durum wheat 
production can be achieved. 

PV1 
0.89 0.09 0.71 0.15 

I could work more efficiently. PV2 0.96 0.08 0.88 0.13 

I could obtain a greater profit. PV3 0.75 0.09 0.66 0.14 
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Perceived Performance Risk (I believe it is 
likely that the use of Agriculture 4.0 
techniques will …) 

PR 
0.00 0.10 0.14 0.12 

Generate more problems than solutions in 
managing my farm. 

PR1 
- 0.24 0.12 -0.34 0.16 

Tie me to external consultants and experts 
due to the level of sophistication in applying 
these techniques. 

PR2 
0.25 0.12 0.46 0.15 

Create more administrative work, diverting my 
business from fieldwork. 

PR3 
0.00 0.12 0.29 0.15 

Behavioural Intention  BI 0.38 0.11 -0.12 0.14 

 I will introduce Agriculture 4.0 to durum 
wheat cultivation in the coming months. 

BI1 
0.35 0.11 -0.15 0.16 

 In the near future, I plan to use Agriculture 4.0 
techniques in growing durum wheat. 

BI2 
0.58 0.11 0.27 0.16 

 I have already planned to use Agriculture 4.0 
techniques on my farm. 

BI3 
0.22 0.12 

-0.49 0.16 

 

To explore group differences, pairwise t-tests were performed to assess differences between 

marginal and non-marginal conditions. To save space, we do not report these t-tests. 

However, all the pairwise t-tests were significant at the 5% level of confidence. Thus, the 

constructs showed significant differences between the two areas. The analysis of 

Agriculture 4.0-related items (Table 4) reveals notable differences in perceptions between 

non-marginal and marginal farmers. Each construct was calculated by taking the average of 

all related items. Non-marginal farmers consistently report higher scores across all UTAUT2 

constructs compared to marginal farmers. They perceive Agriculture 4.0 as more beneficial 

(higher PE and PV), easier to use, and better supported socially and institutionally. In 

contrast, marginal farmers show greater PR and lower BI to adopt these technologies.   
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3.3. Modelling Analysis Framework  

Due to the limited data available, we had to create a unified model to offer a comprehensive 

understanding of the factors influencing the adoption intentions of Agriculture 4.0 

technology. Consequently, we merged data from both marginal and non-marginal areas to 

develop a consolidated model that reflects the overall regional dynamics. 

A confirmatory factor analysis (CFA) was carried out using IBM SPSS AMOS version 26 to 

evaluate the measurement model's validity, focusing on convergent validity, discriminant 

validity, and internal consistency of the constructs. 

Convergent validity was assessed by examining the reliability of measurement items (factor 

loadings), the composite reliability (CR) of each construct, and the average variance 

extracted (AVE) (Anderson & Gerbing, 1988). Standardized factor loadings ranged from 0.58 

to 0.96, all exceeding the recommended minimum of 0.50 (Gefen et al., 2000). The 

composite reliability values were consistently above the threshold of 0.70, indicating strong 

internal consistency of the latent constructs (Heinzl et al., 2011). Additionally, the AVE 

values, which measure the proportion of variance explained by the latent variables relative 

to measurement error, ranged between 0.50 and 0.70, exceeding the minimum acceptable 

value of 0.50 (Fornell & Larcker, 1981). These results, detailed in Table 5, demonstrate high 

reliability and good convergent validity of the constructs, as they are well-correlated with 

each other within the model. 

Discriminant validity was evaluated using the Heterotrait-Monotrait ratio (HTMT) (Henseler 

et al., 2015) with coefficients needing to be below 0.90 to confirm that the latent variables 



 

29 
 

are distinct. The results, shown in Table 6, indicated that all HTMT values were below 0.90, 

confirming that the constructs are appropriately differentiated. 

The overall fit of the measurement model was assessed through three key goodness-of-fit 

indices: the chi-square to degrees of freedom ratio (PCMIN/DF), the Comparative Fit Index 

(CFI), and the Standardized Root Mean Square Residual (SRMR). According to established 

criteria, the model is considered to fit well if the PCMIN/DF ratio is less than 3, the CFI 

exceeds 0.90, and the SRMR is below 0.08 (Hair et al., 2006). The results showed PCMIN/DF 

= 2.330, CFI = 0.921, and SRMR = 0.080, indicating that the measurement model 

demonstrates a good fit for the data. 
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Table 5. Results for the measurement model 
Constructs  

Items 
Loading 
Values 

 
Cα  

CR AVE 

Performance 
Expectancy 

PE1 0.74 0.86 0.87 0.53 

 PE2 0.85    

 PE3 0.91    

 PE4 0.58    

Effort Expectancy EE1 0.83 0.79 0.78 0.50 

 EE2 0.80    

 
EE3 0.62    

Social Influence SI1 0.58 0.72 0.75 0.50 

 SI2 0.63    

 SI3 0.91    

Facilitating Conditions FC1 0.60 0.70 0.69 0.50 

 FC2 0.84    

 FC3 0.58    

Price Value PV1 0.77 0.87 0.87 0.69 

 PV2 0.86    

 PV3 0.86    

Perceived 
Performance Risk 

PR1 0.60 0.74 0.75 0.50 

 PR2 0.71    

 PR3 0.81    

Behavioural Intention BI1 0.83 0.89 0.87 0.70 

 BI2 0.96    
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 BI3 0.88    

 

 

Table 6. Heterotrait-monotrait ratio (HTMT) results 

 BI  EE  FC  PE  PR  PV  SI  

BI         

EE  0.523        

FC  0.834  0.621       

PE  0.632  0.758  0.676      

PR  0.422  0.178  0.357  0.315     

PV  0.684  0.692  0.769  0.647  0.267    

SI  0.579  0.513  0.750  0.554  0.184  0.564   

 

3.4. Structural model assessment 

3.4.1. Dataset sample validation  

With the aim of validating the adequacy of samples collected, Hoelter’s N critical index was 

applied with a significance level of 0.05, equivalent to 95% confidence (Bollen & Liang, 1988; 

Hoelter, 1983).  The size of the sample is131 questionnaires and the Hoelter’s N (0.05) is 83 

which exceeds the commonly cited minimum threshold of 75, indicating an acceptable 

sample size for model fit (Garson, 2015). 

3.4.2. Framework model analysis 

After performing the overall goodness of fit of the research model indicating a good fit to the 

data (chi-square to degrees of freedom ratio (PCMIN/DF) of 2.330, Comparative Fit Index 
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(CFI) of 0.921, Standardized Root Mean Square Residual (SRMR) of 0.080), the next step in 

the analysis involves assessing the explanatory power of the model's dependent variable, 

measured as R², which reflects how well the independent variables account for variations in 

the dependent variable. In this study, the R² for behavioural intention was found to be 0.49, 

meaning that 49% of the variability in behavioural intention is explained by the independent 

variables in the model (Kapoor & Singh, 2023; Schukat & Heise, 2021). The  f² values (the 

change in R² when an exogenous variable is removed from the model) range from 0.09 to 

0.16, suggesting a small to medium effect size (Cohen, 2013) as indicated in Table 7. Further 

analysis involves examining the structural relationships among constructs using the 

Structural Equation Modelling (SEM) approach with the IBM SPSS AMOS version 26 software. 

The results of the path coefficient analysis are shown and detailed in  Figure 2 and Table 8. 

Findings reveal that FC significantly affects behavioural intention (β=0.625, p-value=0.010), 

while PR negatively impacts behavioural intention (β=-0.315, p-value=0.010). This suggests 

that participants who perceive higher performance risks are less likely to invest in Agriculture 

4.0 technologies. The analysis highlights that FC exerts the most substantial influence on 

the intention to adopt these technologies. Conversely, the hypotheses related to PE 

(β=0.056, p-value=0.729), EE (β=0.039, p-value=0.792), SI (β=0.097, p-value=0.686), and PV 

(β=0.069, p-value=0.685) were not supported, indicating that these factors do not 

significantly affect farmers' intentions to adopt Agriculture 4.0 technologies for durum wheat 

cultivation. It’s worth noting that demographic variables such as age, education, and 

previous experience were initially considered for inclusion in the model. However, upon 

analysis, none of them were statistically significant, and their inclusion resulted in a 
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decrease in the model’s goodness of fit. Therefore, to maintain the model’s validity and 

optimal fit, demographic variables were excluded from the analysis. 

 

 

 

Figure 2. Final Structural Model 

Table 7. F-square results 
 Constructs  F-square 
PE → BI 0.09 
EE → BI 0.13 
SI → BI 0.09 
FC → BI 0.16 
PV → BI 0.11 
PR → BI 0.10 

Table 8. Results 
Hypothesis Β p-value Decision 
H1: PE→ BI 0.056 0.729 Unsupported 
H2: EE → BI 0.039 0.792 Unsupported 
H3: SI → BI 0.097 0.686 Unsupported 
H4: FC → BI 0.625* 0.010 Supported 
H5: PV →BI 0.069 0.685 Unsupported 
H6: PR →BI -0.315* 0.010 Supported 
Note: *p-value < 0.05 

 
4. Discussion and Policy Recommendations 
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4.1. Differences in impact between marginal and non-marginal areas and their policy 

implications 

As emerged from Table 4, non-marginal farmers demonstrated higher performance 

expectancy, effort expectancy, social influence, facilitating conditions, and price value 

compared to marginal farmers. In this context, non-marginal farmers perceived Agriculture 

4.0 technologies as beneficial for resource efficiency, yield improvement, reduced effort, 

and work efficiency.  

Policies and interventions for farmers should aim to reinforce their positive behavioural 

intentions and help them scale adoption. Information provision (Hines et al., 1987; Stern & 

Dietz, 2002) can focus on showing case studies of successful implementation from peer 

farmers, inducing a reduction in resource use, increased yield, and efficient work, 

accompanied by less effort. These campaigns could also be amplified to present, in the form 

of infographics or videos, how Agriculture 4.0 can contribute to sustainability goals by 

adopting it. Additionally, incentives (van Valkengoed et al., 2022) such as stabilizing a 

specific measure within the regional RDP can reward those who adopt these practices. 

Commitment strategies (Cialdini, 2009) can motivate farmers to adopt new technologies 

because people are driven to remain consistent with their actions and beliefs, leading them 

to feel obligated to fulfil their promises. Public commitments are made to try specific 

technologies, and these pledges can be recognized in public forums through certifications 

or awards. Public recognition inspires individuals and sets positive examples in farming 

communities, encouraging others to follow suit (Cialdini, 2009; Schultz et al., 2007). 
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In contrast, marginal farmers expressed hesitancy and a negative behavioural intention due 

to higher perceived performance risks related to their concerns about being linked to 

external consultants and lower availability of facilitating conditions, especially for 

technology knowledge and limited access to financial resources. To increase knowledge and 

build technological trust, workshops, and training programs can help marginal farmers 

understand how to efficiently utilize Agriculture 4.0 technologies and understand their 

benefits (Kutter et al., 2011; Menozzi et al., 2015). Implementing pilot programs could enable 

marginal farmers to test these technologies on their farms for a limited time without long-

term commitments. 

Additionally, the government should prioritize providing subsidies or establishing low-

interest loans to facilitate access to Agriculture 4.0 technologies. These technologies can 

lead to more efficient resource use and reduced environmental impact; outcomes that 

benefit not only farmers but also the broader public through environmental protection, rural 

development, and climate change mitigation. Insurance incentive strategies can help 

reduce obstacles and ease fears of financial instability by offsetting potential losses during 

the transition to new technologies (Mills, 2007; Wreford et al., 2017). Policymakers can 

support marginal farmers by collaborating with local institutions and experts to define small, 

attainable goals that gradually build trust and familiarity with technology. According to 

Appelbaum and Hare (1996), setting clear and realistic objectives—whether individually or 

through collective initiatives—can strengthen farmers’ self-efficacy and motivation, 

ultimately supporting more ambitious technological transitions.  
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4.2. The Unified UTAUT2 model  

Results of the unified UTAUT2 model supported H4 and H6 hypotheses as seen in Table 6, 

showing that facilitating conditions and perceived performance risk significantly influence 

farmers’ intention to adopt Agriculture 4.0 technologies on durum wheat within our 

convenience sample. The results showed that facilitating conditions significantly impacted 

farmers’ intentions to use Agriculture 4.0 technologies. Our findings align with Fragomeli et 

al. (2024), who emphasize that practical and financial support from government initiatives 

significantly influences the adoption of Agriculture 4.0. This support often includes 

subsidies, training and educational programs, and technical assistance, which help farmers 

overcome barriers to adopting new technologies. For instance, government-funded training 

sessions can provide information to improve farmers' understanding of how to use 

Agriculture 4.0 technologies based on IoT devices and data analytics platforms, making it 

easier for them to integrate these technologies into their operations. As well, creating 

educational programs explaining the challenges in traditional farming practices and the 

environmental and economic benefits of Agriculture 4.0 can also positively induce the 

adoption of Agriculture 4.0.  Araújo et al. (2021) highlight that having access to essential 

technological infrastructure such as IoT sensors and data analytics tools is critical for 

successful implementation. When farmers have the necessary resources, infrastructure, 

and knowledge, they are more likely to adopt and utilize Agriculture 4.0 technologies 

effectively.  

Perceived performance risk had a negative and significant impact on the intention to adopt 

Agriculture 4.0 technologies. Perceived performance risk encompasses concerns about the 
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reliability and effectiveness of new technologies. Benos et al. (2022) found that if farmers are 

uncertain about whether Agriculture 4.0 will deliver the promised benefits or if they fear 

potential operational failures or being linked to external consultants, they may be hesitant 

to adopt these technologies. This concern can stem from previous experiences with 

technology failures or from insufficient evidence demonstrating the technology’s 

effectiveness. Abikari (2024) further supports this by showing that perceived risks, including 

those related to technology performance, are crucial in adoption decisions. Duong et al. 

(2019) also highlight that uncertainties about new technologies’ effectiveness can 

significantly impact farmers’ willingness to adopt them. To mitigate these concerns and 

build trust, not only clear demonstrations, pilot projects, and empirical evidence of 

technology benefits should be emphasized but also providing financial incentives, such as 

subsidies for purchasing Agriculture 4.0 technologies or microloans (Fragomeli et al., 2024; 

Osorio et al., 2024). It is important to note that financial incentives and public subsidies may 

strongly influence farmers' awareness and perceived value of Agriculture 4.0 technologies. 

Menozzi et al. (2015) indicates that many Italian farmers are primarily driven by economic 

benefits. This pattern could affect how farmers evaluate the usefulness and feasibility of 

adopting such technologies, especially if some options are more frequently promoted 

through subsidy programs or public campaigns. Additionally, media coverage and 
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institutional promotions often emphasize the availability of tax credits or financial 

contributions for specific Agriculture 4.0 technologies (Confagricoltura, 2024; ESG360, 

2023), which may shape farmer awareness and preferences toward subsidized solutions. 

Contrary to expectations, performance expectancy did not significantly influence the 

intention to use Agriculture 4.0 technologies. Although performance expectancy scores 

were relatively positive in both marginal (0.68) and non-marginal areas (0.96), this construct 

did not significantly influence behavioural intention in our model. This finding contrasts with 

Im et al. (2008) and Araújo et al. (2021), who found that when farmers perceive significant 

improvements in their operations due to new technologies, they are more inclined to adopt 

them. A possible explanation for our results could be that, while farmers acknowledge the 

potential benefits of Agriculture 4.0, these benefits alone are not sufficient to drive adoption. 

This may be due to overriding concerns such as performance risk, limited infrastructure and 

experience with digital tools, which may weaken the link between perceived performance 

and the intention to adopt, especially in marginal areas. Another possible explanation for our 

result could be that the perceived benefits of Agriculture 4.0 technologies might not align 

with the specific needs of farmers in Sardinia. If farmers do not clearly see how these 

technologies will enhance their productivity or efficiency, their intention to adopt may not be 

strongly influenced by performance expectancy (Kutter et al., 2011; Menozzi et al., 2015).  

Effort expectancy also did not impact on the intention to adopt Agriculture 4.0 technologies. 

This result differs from findings by Fragomeli et al. (2024) and Abikari (2024), who suggested 

that technologies perceived as user-friendly and requiring minimal additional effort are more 
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likely to be adopted. Our findings are consistent with Araújo et al. (2021), which noted that 

difficulties  in integrating Agriculture 4.0 technologies with existing systems can act as 

barriers to adoption. If the technologies are perceived as challenging to integrate, farmers 

may be discouraged from using them despite their potential benefits. This suggests that high 

expectancy, or the perception of increased effort and complexity, could negatively impact 

adoption intentions. 

Social influence did not significantly affect the intention to adopt Agriculture 4.0 

technologies. This finding is consistent with Li et al. (2024) which found that societal norms 

and peer pressure do not always positively impact the intention to use Agriculture 4.0 

technologies. Farmers may resist adopting new technologies due to scepticism from their 

community or a preference for traditional methods. Yap and Al-Mutairi (2024) also highlight 

that negative social perceptions within certain farming communities can hinder technology 

acceptance. If the broader community holds negative views about Agriculture 4.0 

technologies, individual farmers may be less inclined to adopt them, even if they recognize 

potential benefits. 

Price value did not significantly influence the intention to adopt Agriculture 4.0 technologies 

such as 4.0 tractors, weather stations and DSS, analytics platforms, farm applications and 

drones. This result contrasts with findings by Araújo et al. (2021) and Fragomeli et al. (2024) 

who highlighted that farmers often justify the initial investment in Agriculture 4.0 

technologies through anticipated long-term economic returns, such as increased crop 

yields and improved resource management. The lack of significant impact in our study might 
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suggest that other factors, such as perceived risks or the complexity of technology, 

overshadow price considerations in the adoption decision-making process. 

Overall, the extended UTAUT2 framework provides a solid foundation for understanding how 

facilitating conditions and perceived performance risk influence Sardinian wheat farmers' 

intentions to adopt Agriculture 4.0 technologies. Designing a supportive choice architecture 

(Thaler & Sunstein, 2008) can simplify the adoption process. Ensuring easy access to 

Agriculture 4.0 technologies can reduce  difficulties.  This comprehensive approach, 

combining education, financial support, social recognition, and accessibility, addresses the 

barriers to adoption while enhancing farmers’ readiness to embrace Agriculture 4.0 

technologies.  

 

5. Conclusions  

 The study highlighted notable differences in adoption intentions between marginal and non-

marginal farmers of durum wheat in Sardinia, driven by disparities in facilitating conditions, 

perceived benefits, and social influence. Non-marginal farmers demonstrated greater 

readiness and positive intentions toward Agriculture 4.0 technologies, while marginal 

farmers faced barriers such as limited resources and higher perceived risks although they 

had positive performance expectancy, effort expectancy, social influence, facilitating 

conditions and price value. Combining data from both groups provided a holistic 

understanding of regional adoption dynamics showing that facilitating conditions and 

perceived performance risk significantly affect the intention to adopt Agriculture 4.0 

technologies. Facilitating conditions were found to have a positive and substantial impact, 
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highlighting the critical role of support mechanisms such as financial aid, technical training, 

and access to technological infrastructure in promoting the adoption of these advanced 

technologies. In contrast, perceived performance risk negatively influenced adoption 

intentions, reflecting farmers' concerns about the reliability and effectiveness of new 

technologies. 

Several targeted interventions are recommended to enhance the adoption of Agriculture 4.0 

technologies. It is essential to focus on providing easy access to technical advice and 

educational programs through regional extension services. This approach will enable 

farmers to effectively utilize Agriculture 4.0 technologies and reduce barriers to adoption. 

Establishing accessible platforms for technical support will ensure that farmers are well 

informed about the benefits and functionalities of these technologies. 

Furthermore, improving the educational qualifications of technicians working in regional 

extension services is necessary to address the knowledge gap related to Agriculture 4.0 

technologies. This aligns with the findings of Caffaro and Cavallo (2019) that lower levels of 

education were linked to higher perceptions of economic barriers, which in turn were 

negatively correlated with the adoption of smart farming technologies. Universities and 

educational institutions should develop specialized courses or master’s programs focused 

on these technologies to equip technicians with the skills and knowledge required to support 

farmers and facilitate successful implementation. 

Overall, by concentrating on enhancing facilitating conditions and addressing perceived 

performance risks, stakeholders can create a more supportive environment for the adoption 

of Agriculture 4.0 technologies. These interventions will help overcome existing barriers, 
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promote the integration of innovative solutions in durum wheat farming, and ultimately 

improve productivity and sustainability within the agricultural sector. 

 

6. Limitations 

While this study provides valuable insights into adopting Agriculture 4.0 technologies in 

durum wheat farming, it is important to acknowledge several limitations. The study is 

constrained by its geographical focus on Sardinia, which may limit the generalizability of the 

findings to other regions with different agricultural contexts or technological infrastructures. 

Additionally, using a convenience sampling method further limits the representativeness of 

the findings. Therefore, the results can be generalised to the wider farming population in 

Sardinia. Additionally, the study relies on self-reported data from farmers, which may 

introduce biases related to respondents’ perceptions or reporting accuracy. The adoption 

intentions assessed are also based on subjective assessments, which might not fully 

capture actual technology usage or long-term adoption outcomes. Furthermore, the 

research does not account for all possible variables influencing technology adoption, such 

as economic fluctuations or policy changes, which could impact the relevance of the 

findings over time. As highlighted by Menozzi et al. (2015), economic incentives often 

outweigh environmental concerns in Italian agricultural decision-making. Therefore, farmers 

may have expressed more favourable opinions toward technologies with known funding 

opportunities, possibly biasing the intention data. Future studies could attempt to control 

for this effect by comparing knowledge of subsidized vs non-subsidized solutions. Also, 

future research could benefit from a broader geographical scope, longitudinal studies, and 
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a more comprehensive analysis of external factors to enhance the understanding of 

Agriculture 4.0 adoption across diverse agricultural settings. 

 

Disclaimer 

The data supporting this study's findings are available as a supplementary file to this paper. 
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