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Digital agriculture supports farmers’ decision making to improve productivity and profitability. However, adoption of digital technology is uneven. Through interviews with 21 medium acreage almond growers and crop consultants in California’s Central Valley, we examine barriers to adoption through the lens of technology acceptance models, Technology Acceptance Model (TAM-3) and Unified Theory of Acceptance and Use of Technology (UTAUT-2). Not surprisingly, farmers are willing to adopt technology when profitability and ease of use are shown, with economic returns (either anticipated or demonstrated) from the technology investment serving as the primary factor influencing adoption. Trust operates as a moderating factor to the desire for economic returns that influences adoption. There may be trust, or lack of trust, in technology performance or in the advisors who recommend it. Producer trust is affected by expectations of technology relevance and usefulness, and it is influenced by prior experience. Concerns about data management (e.g., governance, quality, privacy, security) take a back seat to more practical issues such as profitability, leaving producers in an imbalanced position with tech companies who have an interest in their agricultural data. We assert that producer acceptance of data management practices (despite their uncertainty in how to utilize the data being generated) implies that there is a basic level of trust in tech companies’ data management practices that is consistent with models of moralistic trust behaviors for precision ag adoption. Our findings contribute to the growing research on digital agriculture that debates the benefits and downsides of digital agriculture.
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1 Introduction

Digital agriculture enabled by the Internet of Things (IoT) is transformative technology that empowers farmers to make data-informed decisions to optimize resource allocation, reduce waste, and enhance productivity. IoT technology refers to networks of sensors and digital devices that autonomously connect and share data, with minimal human prompting (Farooq et al., 2019; Kagan et al., 2022; Liu et al., 2021). As shown in Figure 1, IoT technologies include sensors, robotics, and unmanned aircraft that interface to detect water and nutrient content in row or orchard crops. Sensors attached to plants transmit data that is collected by unmanned aircraft and transmitted through communications networks, typically in rural areas. The development of these systems involves multiple points for data management which warrants closer examination whether agricultural producers are willing to give up management of data in exchange for improved nutrient detection that provides the potential for improved profitability.
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FIGURE 1
 Internet of Things (IoT) agricultural system with sensors, robotics, and unmanned aircraft transmitting data viewable by a farmer on a tablet. Reprinted with permission from the IoT4Ag Gen-4 NSF ERC (https://iot4ag.us) © IoT4Ag ERC.


IoT technologies involve ubiquitous sensing, autonomous farming, and big data. These are extensions of digital agriculture, which utilizes tools that collect and analyze data from agricultural applications that may extend beyond the farmgate and throughout the entire agricultural value chain (Shepherd et al., 2018). Digital agriculture encompasses precision agriculture technology that enables farmers to modify input (e.g., water and nitrogen) applications (Osrof et al., 2023). In other examples of digital agriculture, Agribots, for example, have taken to seed mapping, weed mapping, and micro spraying throughout various countries (Revise as Reddy, 2016).

Despite its potential benefits, the adoption of digital agriculture is uneven (Osrof et al., 2023). Larger farms are most likely to realize economic benefits of automation through reduced labor costs and can spread the fixed costs of technology investment across a larger acreage (Basso and Antle, 2020). The economic advantage provided by digital agriculture may thereby result in large farms becoming larger and farm consolidation, a phenomenon that has been documented in the 2022 Census of Agriculture (USDA, 2024).

Data managed as a commodity is of interest to companies throughout the supply chain. Some farmers have begun to view data as an asset to be managed like other farm assets (Wiseman and Sanderson, 2019; Wysel et al., 2021) that can be shared or sold. As more technology solutions are developed and deployed in agriculture, farming dynamics continue to change, often placing farmers in a subordinate relationship to technology companies (Neubauer, 2021). Some studies have indicated that farmers using ag data software products and sharing data with outside consultants are significantly more likely to make data-informed management decisions, with these farmers also more likely to regard their decisions as yield-enhancing (DeLay et al., 2020). However, other authors (Gardezi and Stock, 2021) have expressed concern that farmers are adopting digital agriculture to be morally complicit, in other words to be viewed as “good farmers” that contribute to food security; meanwhile, agtech firms have successfully positioned their knowledge products as superior to farmers’ experiential knowledge, thereby perpetuating farmers’ sustained engagement with digital agriculture technologies for the purposes of data capture and corporate capital accumulation.

Without understanding barriers to adopting digital agriculture technology, there is strong potential to perpetuate imbalances between farmers and tech companies, and between large and small farmers, as digital agriculture and IoT technology expand (Soma and Nuckchady, 2021). Faik et al. (2024) note that poverty limits the affordability of digital technologies for segments of the population, and that small farming operations may have insufficient means to acquire digital technology. Furthermore, there is great importance to engage small farmers in technology adoption, due to the high prevalence of small farmers. According to Lowder et al. (2021), farms of less than two hectares comprise 84% of all farms, though they operate 12% of all agricultural land.

We contribute to the literature by assessing user adoption behavior and barriers to digital agriculture technology through 21 qualitative interviews with medium sized almond growers and technology consultants in California’s Central Valley, and by identifying potential strategies to increase adoption. Utilizing abductive reasoning (Dubois and Gadde, 2002, 2014) to cycle between theory and our data, we infer the best explanation for this reluctance to adopt new technologies. Through this iterative analysis of our interview data, we apply the Technology Acceptance Model (TAM-3) (Venkatesh and Bala, 2008) and the Unified Theory of Acceptance and Use of Technology (UTAUT-2) (Venkatesh et al., 2012) to frame our findings. Our results indicate that economic profitability is the foremost factor influencing producers’ decisions to adopt technology. Trust in technology performance, and in those who recommend it, is a moderating factor that either facilitates or hinders adoption. de Vries et al. (2023) identified a need for nuanced exploration of how trust influences the adoption of digital technologies in the agri-food value chain, and identified three themes. Our work contributes to the theme ‘trust and digitalization,’ largely through the lens of production-focused technologies. Interestingly, concerns about data management logistics are secondary to profitability, aligning with Gardezi and Stock’s (2021) notion of moralistic trust in corporate entities, who are perceived as inherently trustworthy in their data management practices. However, this finding contrasts with the work of other authors (Fielke et al., 2022; Jakku et al., 2019; Wiseman et al., 2019).

Next, we provide a literature review on the TAM-3 and UTAUT-2 models and the literature on digital data management practices. This is followed by a description of the methodology, discussion, and conclusions.



2 Literature review

TAM-3 and UTAUT-2 are based upon the widely accepted Technology Acceptance Model (TAM) for examining barriers to adopting computers, first introduced by Davis (1989), which is an adaptation of Ajzen’s (1991) Theory of Planned Behavior that behavior follows intention. Davis’s TAM found that perceived usefulness (PU) and perceived ease of use (PEOU) were both critical to technology adoption. The TAM has been used in other agricultural tech adoption studies to examine the willingness to adopt a nutrient management plan in Ireland (McCormack et al., 2021), precision agriculture adoption in Canada (Aubert et al., 2012), technology adoption in Indian agricultural industries (Kumari et al., 2018), unmanned aerial vehicles in Turkey (Parmaksiz and Cinar, 2023), agricultural e-commerce in Iran (Zarei et al., 2022) and larger technology systems or bundles such as integrated pest control and smart farming (Rezaei et al., 2020; Silva et al., 2017; Tubtiang and Pipatpanuvittaya, 2015). However, though there is no evidence of the use of TAM to evaluate barriers to adopting digital agriculture technology in the United States, it is often used to explain adoption and use of technology service bundles in general (Schilke and Wirtz, 2012). The TAM-3 and UTAUT-2 models advance the TAM model by incorporating new variables and by considering evolving technology and user behaviors like perceived enjoyment, social influence (from peers, social networks, and social media), and external variables such as trust, subjective norms, and facilitating conditions. The UTAUT-2 introduces several new constructs such as performance expectancy, effort expectancy, social influence, and facilitating conditions. These factors help in understanding the influence of external factors, social norms, and perceived usefulness on technology adoption. The UTAUT-2 also considers moderating variables like gender, age, experience, and voluntary use, which can influence the relationship between the determinants and actual technology usage. The UTAUT-2 also acknowledges the importance of context in technology adoption, considering organizational, cultural, and situational factors.

Shi et al. (2022) use the UTAUT-2 model to examine the contributing factors that make Bangladesh farmers willing to pay for and to adopt IoT. They find that a government developed IoT infrastructure, and subsidies are critical facilitating conditions to promulgate adoption and for creating an affordable system that will ensure commodity price competitiveness.

Using the TAM-3 and UTAUT-2 frameworks, we identify new themes to consider for targeted intervention and strategies to promote the adoption of digital agriculture and how the chasm between early adoption and late adoption can be bridged. Late adopters often cannot access new services or processes (Woodcock, 2014), which in the case of small farmers will leave them further economically disadvantaged, possibly leading to a downward spiral of being unable to catch up with technology adopters and large farms, becoming further marginalized and non-competitive. Not surprisingly, our study finds that the adoption of technology is highly dependent on whether it increases farm profitability. However, unlike earlier findings on trust in digital technology companies (e.g., Fielke et al., 2022; Jakku et al., 2019; Wiseman et al., 2019), concerns about data sharing with these companies seem to be of lesser importance to our participants, leaving farmers in a vulnerable position regarding data management.

Digital agriculture has the potential to increase productivity in a transformative way, and hence, to improve profitability, while reducing environmental impact. Weersink et al. (2018) note that agricultural practices have been slow to change, and although there is greater data generated, the cost savings and improvements to profitability are demonstratable on a case-by-case basis:


“But despite these obvious benefits, it must be noted that the value of the additional information provided from precision agriculture relative to its cost is another likely barrier hindering its widespread adoption. In particular, the history of how farmers use technologies such as yield monitors and variable application rate fertilizers suggests a relatively flat payoff function for these technologies that in many cases means there is no real financial incentive for farmers to invest. Hence, the existing evidence points to extremely varied uptake.” (Weersink et al., 2018, p. 23)
 

In a survey of European farmers, Barnes et al. (2019) found that high costs of purchase, along with small farm size are the top two reasons for non-adoption of precision ag technology. Lack of information, low return on investment, and farmer age rounded out the top reasons for non-adoption. Similarly, the authors found that decreased production costs were the top reason for adopting technology.

Lowenberg-DeBoer and Erickson (2019) note that some aspects of precision agriculture technologies like Global Navigation Satellite Systems have been adopted rapidly, while other technologies, such as variable rate technology (VRT) application have proven to be slower to being adopted, due to uncertainties in achieving financial payback. DeLay et al. (2022) found that profitability and technical efficiency both increase with technology bundling of complementary products. Bundling examples include yield monitors and grid soil sampling; and, aerial imagery, hand-held GPS devices, and soil survey maps.

In a copious literature review of digital agriculture from a social science lens, Klerkx et al. (2019) indicate a need to prioritize tech adoption research on data ownership, privacy and ethics in digitalizing agricultural production systems. As van der Burg et al. (2021) point out, there are several studies, implemented through surveys and interviews, that indicate farmers are hesitant to share their data through lack of trust. Among these, Wiseman et al. (2019) surveyed 1,000 agricultural operations in Australia, finding that a lack of understanding about how data will be used is among farmers’ chief hesitancies about sharing data, despite the widespread adoption of digital technology in animal agriculture contexts, like dairy milking stations. Wiseman et al. (2019) also indicate that farmers are uncomfortable with the sale of data extracted from digital ag technology for profit. In interviews with 26 grain farmers and agricultural industry stakeholders, Jakku et al. (2019) note that trust over how data will be used is a central concern, which creates skepticism of the value of digital technologies.

Trust has been cited as a key factor in technology adoption (McKnight et al., 2002, 2011; McKnight and Chervany, 2006). TAM and UTAUT, while useful models, do not capture the role of trust in predicting adoption behaviors (Gefen et al., 2003; McKnight et al., 2002). Strategic trust is characterized by beliefs in the trustworthiness of technology (or people) and beliefs based on experience (Gardezi and Stock, 2021). The traditional strategic trust concepts – general trust, context trust, and specific trust – apply equally to technologies as they do for personal and institutional trust environments (McKnight et al., 2002). Where technology is concerned, general trust reflects an individual’s personal propensity to trust technology. Context trust is tied to expectations of relevance or usefulness of a class of technology, and specific trust is anchored in experience with a specific technology (McKnight et al., 2011). Early adopters typically have high levels of general trust while late adopters and laggards come with low levels of general trust, leading to greater reliance on expectations and experience to build other forms of strategic trust.

Moralistic trust, unlike strategic trust, does not rely on rational assessment. Rather, it is rooted in a societal or community culture (Gardezi and Stock, 2021). To be perceived as responsible members of their community, farmers may choose to adopt tools and techniques used by their peers, trusting that all involved parties (vendors, government, customers, etc.) are collectively working for the common good. For instance, digital agriculture technologies have been used to enhance consumer-grower trust by allowing growers to provide more transparency and traceability in their operations, signaling good farming practices to their customers (Finlay-Smits et al., 2023).

Our study finds that farmers prioritize expected gains in profitability as the leading motivation for adopting digital agriculture. Trust in technology and in those who recommend it serves as a moderating factor to whether digital technology will be adopted. Our study is also the first to frame digital ag adoption with almond growers. Most technology studies have been conducted with row crops, though a handful of studies have been implemented with apple orchards and the olive sector. Gallardo and Sauer (2018) examined technology adoption to address the need for labor saving technologies in agriculture with apple orchards. Gallardo and Brady (2015) looked at barriers to adopting platforms during harvesting, in lieu of ladders, that would improve farm worker safety and labor productivity in apple orchards. In contrast to Gallardo and Brady (2015), our study focuses on digital technology, rather than mechanization. Parra-López et al. (2024) implemented a semi-quantitative multicriteria framework to assess the impact that technological innovation systems have in facilitating digital transformation in the olive sector in Andalusia, Spain. The authors note that, “As data becomes a valuable asset in agriculture, safeguarding the rights of all stakeholders to their data ensures not only ethical practice, but also trust in the digital transition.” (p. 12). Our results are consistent with the findings of Parra-López et al. (2024). Next, we discuss study methodology, findings, discussion, and conclusions.



3 Methodology

Our investigation was approved by the University of California Merced Institutional Review Board (Study # UCM 2021-115). We developed a semi-structured interview protocol to evaluate six main topics: cost, technological compatibility, IT Infrastructure, data management, data privacy, and cybersecurity with an average of three questions per topic.

Using cognitive framing as our analytical lens, our interview questions probed experiences with agriculture technology adoption. We included prompts related to data management given that prior studies have indicated data privacy may be an issue for growers (Jakku et al., 2019; Wiseman et al., 2019). We developed 3 background questions at the beginning and three closing questions at the end of interviews to ensure participants had the opportunity to share any experiences during our conversation.

Three focus groups with eight participants were conducted to validate and test the protocol. Employing snowball sampling (Parker et al., 2019), from January through August 2022, we conducted semi-structured interviews with eleven almond producers from small and mid-sized family farms1 and ten industry professionals representing a mix of ag technology companies and farm advisors, all of whom had experience assisting producers with the implementation of digital ag technology. All subjects were from Central California.

Our audio recorded interviews each lasted approximately one hour and were later transcribed. During the interviews, we focused on listening to what growers said about barriers with no pre-conceived framework for analysis, consistent with grounded theory methodology (Glaser and Strauss, 2017).

Applying abductive reasoning (Dubois and Gadde, 2002, 2014) to the generally held observation that there is low adoption of new technology in agriculture, we use our interview data to infer the best explanation for this reluctance. After familiarizing ourselves with the data, we determined that a framework based on TAM would be appropriate, leading to the development of our initial NVivo codebook based on TAM-3. While TAM-2 and TAM-3 are both extensions of the original TAM model, we selected TAM-3 because it can be used to identify adoption barriers as well as potential interventions (Venkatesh and Bala, 2008). Interviews were coded in NVivo software by the lead author and research assistant, who collaboratively drafted a coding scheme that was inclusive of initial insights and reconciled their results for internal consistency and reproducibility. Each coder separately coded the same five interviews, then discussed, revised, and added code themes, as appropriate. For the rest of the interviews, the research assistant coded the remaining interviews with the lead author suggesting changes to codes and coding. After this first round of coding, the lead author undertook repeated rounds of coding, categorizing, and comparing. In addition, both authors discussed the coded interview quotes to further refine code definitions and identify core themes —a process that led to the inclusion of price value from UTAUT-2 and the development of a more holistic, hierarchical framework for interpreting our results. Through this iterative process, trust emerged as an important factor in the adoption decision.

We now describe the in-depth qualitative insights that we theorized to develop our conceptual model. The letter-number pairs at the end of each interview quotes indicated the interviewee who made those comments, with G indicating a grower and C indicating a consultant; select demographic characteristics of the interviewees are found in Table 1.



TABLE 1 Interviewee demographics.
[image: Table1]



4 Results

In our initial analysis, we identified a conceptual model that identified expectations, experience, and, most importantly, economics, as the factors influencing adoption decisions, just as earlier research would have us expect. However, while no one research subject specifically mentioned it, trust emerged as a construct worth deeper investigation. After another pass at the data, coding for trust, we saw evidence that trust could moderate the relationship between rational economic arguments to adopt and adoption – if a grower does not trust that a new technology will perform as promised, then they will be less willing to invest in that technology.

We engaged in an exploratory correlation cluster analysis using NVivo’s built-in functionality. As coding data are binary, we used the Jaccard coefficient to examine the relationship between codes. We found that a stable core of five clusters emerged, as presented in Figure 2A. When combined with our initial conceptual model, we interpreted the clusters with the lens of our initial conceptual model (Figure 2B). Using this interpretation, we refined our conceptual model, providing nuance to the important expectations, experiences, and economic factors that guide adoption decisions, as presented in Figure 3. Below we discuss these constructs with quotes from our data.

[image: Figure 2]

FIGURE 2
 Code clusters determined by NVivo using Jaccard coefficient (A), and interpreted through the lens of our initial conceptual model (B).


[image: Figure 3]

FIGURE 3
 Conceptual model of ag tech adoption decision.


Economics, expectations, and experience form the foundational concerns when making a new technology adoption decision. Expectations are set, which are then influenced by past experiences both directly and indirectly with agricultural technology implementations. Our conceptual model (Figure 3) depicts how these types of frames – economics, expectations, and experiences shape the adoption of new agriculture technology in tree crops. An important element that emerged from the data is the role of trust in adoption. We found comments in many interviews that speak to how much trust growers have, or can have, that the technology will deliver the promised value. We interpret trust as a moderator, facilitating or hindering the effect of economic arguments to adopt.

The model presented in Figure 3 shows the interactions between core concepts. However, the relationships between these concepts are dynamic. As growers gain experience with technology, they update both expectations and trust.

As discussed in the literature review and elsewhere (Marra et al., 2003), if the economic value of a technology is there, then growers are interested in adopting it. However, the economics of a technology have a heavy dependence on the size of the farming operation and the pricing model (subscription/lease versus ownership). Data quality directly impacts assessments of the economic value as well, although other data management concerns (e.g., governance, security, and privacy) do not appear to be directly linked to the economic dimension in technology adoption; rather, these aspects of data management appear to be more closely associated with effort and experience assessments (see Table 2).



TABLE 2 Issue framing on economics construct.
[image: Table2]


4.1 Functionality

Broadly speaking, two groups of factors influence the beliefs about the functionality of a new technology: performance and effort expectations, and direct and indirect experiences with the technology.


[…] every technology that has succeeded on this farm has made someone's life easier, right? And more importantly, the active user right to his point, right. The ones I've tried to do that don't work, make it say better for me, but harder on the employees, right? And it's more work for them and those just never seem to stick. (G9)
 


4.1.1 Expectations

When considering new technology, its expected performance – its relevance and usefulness in addressing the problem – is critical; the economic argument cannot begin to be made until there is evidence that the technology will work for the operation. However, we often saw complaints about the relevance or usefulness of data that are provided by sensor systems.

When performance expectations are positive, the effort expected to achieve them is assessed.


Well. We try not to, we try not to invest in things that we think there's that steep learning curve (G10)
 

The effort required to understand the data is as critical to adoption decisions as the effort expended in collecting it. It’s not surprising to hear that if the data cannot be easily used to support decision making, then it is of little value to farmers. High quality data at low effort makes the economic argument for adoption stronger (see Table 3).



TABLE 3 Issue framing on expectancy construct.
[image: Table3]


Our data demonstrate that data management and the objective useability are primary dimensions of effort considered by our participants. Our participants' current approaches to data management center around Excel (spreadsheets) and paper documents for farm management and decision making. a spreadsheet is probably as good as it gets. If you can, we will, we, we will help them put in this Excel spreadsheet. (C5) we track like yields and stuff like that … Just [in] Excel, on paper that type of stuff very basic just to get. Yeah. So Excel is a big one. (G4)
 

Issues with data input through other tools (e.g., integrating with an accounting system, gathering data for a [new] tool), increase the effort and decrease useability. It’s unsurprising that where farmers expect adoption to require high effort, they are less likely to move forward with adoption.



4.1.2 Experience

Experience breaks into two clusters—facilitating conditions and results. Facilitating conditions are situations that need to be in place to support successful implementation of a new technology.


I think there's not a problem in adopting precision ag as long as it's been proven to actually, yeah, well, I guess the problem is, can it be proven to make people money? (C9)
 

Past experiences with lack of interoperability and poor access to tech support have negatively affected farmers—without these critical facilitating conditions, the risks posed by a new technology are often assessed as too high. Tech support takes many forms – setting up new systems, updating hardware and software, facilitating self-repair options, and, critically, fast response to replace or repair equipment especially during critical growing operations. Given the remote settings for equipment deployment, response time is always an issue if something malfunctions in the field (see Table 4).



TABLE 4 Issue framing on experience with facilitating conditions construct.
[image: Table4]

When it comes to results, past experiences—such as beta testing, personal adoption, or observing others’ adoption—play a key role in evaluating new technologies. These technologies are assessed based on the quality of output, necessity, ease of use, and demonstration of results, particularly regarding how well they have supported improved decisions or operational outcomes on the farm. This evaluation also includes comparing the performance of existing systems and technologies already in place to address the business problem (see Table 5).



TABLE 5 Issue framing on experience with results construct.
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4.2 Trust

McKnight et al. (2002) argue that trust is an essential element in adoption, and that the traditional strategic trust concepts – general trust, context trust, and specific trust – apply equally to technologies as they do for personal and institutional trust environments. Strategic trust is characterized by beliefs in the trustworthiness of technology (or people), and beliefs based on experience (Gardezi and Stock, 2021). We find evidence supporting the need for strategic trust in both people and technology.


…consistent, repeatable success is a big thing… (G4)
 

General trust in technology is characterized as a willingness to depend on it across a spectrum of situations, the assumption that technology is usually consistent, reliable, and functional, and that it provides better outcomes when it does meet these assumptions (McKnight et al., 2002). This general disposition to trust is considered an individual characteristic and, while we may be able to infer some participants’ general trusting beliefs from their comments, we did not directly examine this in our conversations. However, consultants seemed to indicate that growers do not have very high levels of general trust in technology. For emerging technology, promises have been broken in the past – results did not match expectations or companies disappeared – so there is greater proof needed to overcome low levels of general trust (see Table 6).



TABLE 6 Issue framing in the formation of strategic and moralistic trust.
[image: Table6]

Unlike general trust, context and specific trust are rooted in expectations and experience with focal technologies. Context trust reflects the expectations of relevance and usefulness of a class of technology – for example, that irrigation technology provides a useful solution to a relevant challenge faced by growers. Our interviews uncovered many examples of technologies evaluated as having job relevance and reliable results; in these cases, there were favorable adoption attitudes.

On the other hand, we also found cases where the growers felt the results did not live up to the industry hype; instead, they could do as well with existing, established practices.


We already bought the weeder and [Partner] went to Italy and we got we sold it already. There you go. And it made so much sense, right? [Partner] went to Italy. You got to get the planter to match up with the weeder, so you get the auto planner and then you're going to get the weeder and everything's going to marry up and we're going to save a ton of money and labor's hard to find, you know, so let's do it and we did it and the weeder couldn't weed. (G5)
 

Relationships are at the heart of building specific trust. Where a grower may trust irrigation technology, their trust in a specific irrigation solution will depend on experience with the product, its vendor, and even a specific salesperson. Further, this type of trust can be influenced by other trusted sources of information – peers and extension agents, for example.


Our sales are because of neighbors talking to other neighbors, to other farmers, and letting they know “hey if you got a, a problem call these guys. They work weekends, they work nights, and they will get you going,” because farming, when it’s go time, it’s go time. There is no stopping. (C10)
 

Moralistic trust, unlike strategic trust, does not rely on rational assessment, but rather is rooted in a societal or community culture (Gardezi and Stock, 2021). Social influence is described as “…the extent to which consumers perceive that important others believe they should use a particular technology” (Venkatesh et al., 2012, p. 159). This influence can be critical in forming generalized moralistic trust. To be perceived as responsible members of their community, farmers may choose to adopt tools and techniques used by their peers, trusting that all involved parties (vendors, government, customers, etc.) are collectively working for the common good. For example, in California, being seen as a good water steward is socially important. This social pressure can strongly motivate growers to adopt irrigation technologies, even if they have concerns about data management (e.g., privacy, sovereignty) or the reliability of a specific product.


So whether it's, you know, our employees or our equipment or all the above, we, you know, our fertility and we, our water usage, we all, are under a microscope right to be able to do the right thing. And sustainability is doing the right thing so we can continue to pass it on to the next generation and continue to be profitable and all the things we've done. (G5)
 

This aspect of moralistic trust, where the adoption of technology is seen as an ethical commitment to sustainable practices, was particularly evident in discussions around the use of irrigation technology, which has seen widespread adoption among the growers in our sample.


Determining how to use our water and the most efficient way is becoming a real big, big issue. Aerial imaging. Various methods of measuring soil moisture and interpreting what they mean. That's becoming more and more critical, we’re, we're just short of water everywhere and in the West right now, but California particularly, so we're trying to learn how to farm with less water. (G3)
 

Moreover, when discussing the potential for chemical application technology, growers highlighted its value but also noted that current solutions are too costly for their operations. This contrast between the adoption of irrigation technology and the hesitation around chemical application technology further underscores the nuanced role that moralistic trust plays in technology adoption decisions.


As far as like the GPS driven variable rate application type stuff. That stuff is not applicable to me because I have too small of blocks and it wouldn’t make sense. Like it’s too small. Why fertilize this area different than this area? It’s, it’s small like, put it all the same. You know what I mean? So, I couldn’t justify getting a specialized piece of equipment that's gonna change the amount of fertilizer I put in one area of the field versus another one. (G1)

They came up with a machine called GUSS and it was there at the Almond Conference, GUSS. It is a completely robotic self-driving sprayer, but they built this sprayer in a way that it covers like, they know exactly what it takes to spray an orchard, right? … So a thousand acre guy could probably buy one of these GUSS sprayers and justify more easily. (G1)
 



4.3 Data governance, privacy, and security

Not represented in our model (Figure 3) are worries about data management (e.g., governance, privacy, security). While these issues did arise, they took a back seat to the more practical concerns, leaving producers in an imbalanced position with tech companies.


So again, with like the soil moisture sensors, I forgot to mention one part of the grant was that they would monitor how much water you're using per year for a year or two. So, the only issue with that that we talked about was if they use that data against us and say that we’re using too much water. Which we're like, we're really not using that much water that is needed. Like, that's the part that we worry about. We really don't care if someone knows how much you're doing about. (G7)
 

The general sentiment was that the types of on-farm data collected would be of little value to competitors.


No one's no one's going after [Product] because they know exactly what I know, which is nobody cares about your GPS maps. You know, there's no value in that to someone, you know, if they if they want to know, you know, anything of value, they want to know subscribers’ private information. I guess email addresses might be valuable, but even then, like. (G10)

This doesn’t interest me! I’m not interested. Like you know do I like the fact of people taking the data and doing stuff with it? No. But is it a big decision-making thing for me? No, it doesn’t drive my decision making. (G1)
 

Few growers seemed to have considered the question of data ownership. Among those who had given the issue some thought, they believed that the data belonged to them but assumed that the vendor would use the data solely to better serve their needs.


And you think even if they [Product Vendor] owned that data, it would probably be working on your advantage […] I mean, realistically, it should be, you know, it should be my data, and it shouldn’t be anybody else’s unless I give permission for it to be used. Right? (G2)
 




5 Discussion

The barriers and challenges to adoption for our interviewees clearly align with standard findings of technology acceptance research, with the strongest indicators of early adoption lying in economics, expectations, and experience. Unfortunately, concerns in effort expectancy and facilitating conditions tend to outnumber the expected benefits of new technology which, when combined with low levels of experience with technology in our subject pool, largely explains low adoption rates even where a technology has proven performance benefits.


So, I mean, I mean, we've been on the cutting edge of a lot of things over the years past and that cost you a lot of money, to be honest. (G5)
 

Perceived ease of use and impacts on profitability are among the most cited concerns for acceptance of digital technology. Since ag tech adoption is generally low among their peers, there is no pressure to adopt; social influence is more likely to reduce adoption behavior in our sample.

Early adopters showed signs they were willing to experiment, and they were comfortable with less refined solutions. In our sample, late adopters tended to be older farmers and there is evidence of some regret for waiting as they realized the lost opportunities.


I never had a customer come back to me when they decided to move forward with, eh, [Product], and say I regret buying this. Every time is “why didn’t I buy this five or ten years ago?” And the, their biggest regret is why didn’t they do it sooner. (C10)
 

Unfortunately, in some cases it is the lack of supporting infrastructure that restricts the pace of adoption.


[T] he RTK I mentioned, right, you need to connect to a cell network to be able to do that, in order to get your corrections, you might be in some area where there just isn’t, you know, isn’t into a lot of cell infrastructure or there are [sic] not very solid cell infrastructure. (C6)
 

Digital agriculture adoption among small-to medium-sized family growers is distinctly shaped by economics, particularly the challenge of large up-front investments required for advanced technology. Unlike large-scale growers with thousands of acres to allocate the investment across, small farms face significantly higher per-acre costs.


…for me to get harvest equipment I would probably have to spend four hundred thousand dollars. For four hundred thousand dollars stretched across 55 acres is a very high dollar per acre amount right? Now if I had a thousand acres it makes sense to have your own harvest equipment because it’s four hundred thousand dollars spread over a thousand acres instead of fifty-five. So the scale is very very important here. You’re going to find that the smaller the farmer the more difficult it is to adopt the high tech kind of stuff. You know? (G1)
 

This challenge extends beyond operational functions to essential business support services such as accounting and billing, where it only becomes cost-effective to invest once the volume of transactions reaches a certain threshold.


I'm sure if you're a big [grower] they farm 50,000 acres. I'm sure they have lots of technology in regards to accounting, right? For, for sending bills. I'm sure, you know, every guy's got a tablet and they have a budget and they have to. I know they log their time on their digital device right where we haven't gone there yet. We haven't needed to. We're probably going to get to that point if we're getting bigger, right? But you know, so there are certain thresholds in any size for certain technologies that fit. Yeah. (G9)
 

One strategy to mitigate this barrier is outsourcing, which allows small farms to access sophisticated technology without bearing the full cost. However, this approach has its limitations, as it may not always be possible to find service providers equipped with the latest technology, leaving these growers at a competitive disadvantage. Consequently, while outsourcing offers a partial solution, it often does not fully address the technology adoption disparity between small and large growers.


I would love to be able to implement on my farm, like, lower dust technology for harvest. But again, I’m small right, and I’m hiring all this stuff out. And I don’t know of any local service providers who have that type of technology, and if I did, I would consider having them come do mine. (G1)
 

Another advantage that enables large-scale growers to implement new technologies more quickly is their ability to hire full-time information technology staff to support users and manage systems.


…it goes back to you asking about the IT guy on staff, something I feel like just maybe I live in a bubble. But from my experience, that type of deal only works on like a big scale operation. Because when you're working with like, say, two to like ten guys, all of those guys have tasks that need to do, and most of the time it's not [IT]. (G4)

It matters how big you are. Oh yeah, I got my 10000 acre square is probably usually have a tech guy. On the 200 acre guys, probably not. Five acre guys definitely not. Yeah, I think it's, it's like any business like your scale if you can afford to or not. (C9)
 

In contrast, smaller growers must often operate without making new hires, placing additional pressure on existing workers to not only upskill but also to find the time to take on these extra responsibilities.


…so yeah, me and my father-in-law are the IT team. (G6)
 

Considering these findings, it is important to reflect upon the transformations in social structure created by digital agriculture and how this potentially influences adoption behaviors. Some scholars have pointed out that reliance upon digitized systems has shifted traditional farming knowledge, which has in turn restructured farmer livelihoods and identities (Carolan, 2020). Early adopters may view using digital agriculture as being a part of a suite of good farming practices; they may accept digital agriculture as a standard operating procedure, whereas late adopters do not (Carolan, 2020). However, among all our participants there is an implied acknowledgement that data are routinely collected by agricultural tech companies. Our observation of the lack of immediate concern about data management suggests a privacy calculus (Dinev and Hart, 2006) where perceived privacy risk is low and is consistent with moralistic trust (Gardezi and Stock, 2021). We have evidence that growers do not consider their data to be of high value to an external attacker:


…because they know exactly what I know, which is nobody cares about your GPS maps. You know, there's no value in that to someone (G10)
 

And little evidence that our participants have thought about how agtech companies could exploit aggregate farm data for profit at the expense of their client growers (i.e., the data subjects), although one grower noted:


So, the only issue with that that we talked about was if they use that data against us and say that we’re using too much water (G7)
 

Gardezi and Stock note that farmers are increasingly dependent upon the technology companies that collect their data, “… agricultural technology companies have successfully positioned their knowledge products as superior to farmers’ experiential knowledge, thereby ensuring farmers’ sustained engagement with [precision agriculture] technologies for the purposes of data capture and capital accumulation” (Gardezi and Stock, 2021, p. 1). Though this leaves agricultural producers in a vulnerable position with how their data are used, and ushers in concern about the fate of late adopters, the use of data by agricultural tech companies appears to be accepted as “fait accompli.” Though some studies indicate that farmers may distrust agtech company use of their data (Fielke et al., 2022; Jakku et al., 2019; Wiseman et al., 2019), we interpret our finding of an absence of concern about data management as moralistic trust in the collection and use of data in digital agriculture. Producers internalize that data sharing is part of the digital agriculture process and a required aspect of the new way of farming, trusting their data will not be abused. The complex system of interdependent actors that makes up the modern agri-food value chain is poised for technology-enabled disruption, especially where data monetization opportunities exist. While growers may be comfortable for now and view the grower-agtech firm relationship as cooperative, we anticipate this position will change once they recognize the value of their data in the development of new agtech services and begin to manage data like any other business resource.


5.1 A way forward

Based on our analysis, we suggest a few approaches that target the economic, trust, and facilitating conditions concerns we heard in our interviews. First, addressing economic concerns, we suggest firms look closely at their business models. Leasing or service subscriptions seem more appealing (e.g., Precision ag as a Service, or PAaaS) for encouraging adoption, as they require less up-front investment. These PAaaS models can also address some of the support-related issues by including maintenance and troubleshooting as part of the subscription.


That's where subscription service model, where it's OK, you get the subscription. We'll send a technician out every so often or someone on call to come out or, hey, we got this new technology we’ll install it for the same price, whatever, and it is like, we can readjust the plan. Something like that might be more attractive to something like that, because then you're also getting the better technology. (G4)

[…] if somebody is paying for the subscription, I'm always there to pick up the phone for them. And that's where, you know, like I try to make that difference is, you know, understanding that these guys have been burned. I want to make sure that they feel that like they can feel secure. (C3)
 

However, this model requires that the technology demonstrates long-lasting benefits for the grower, or they will simply cancel the subscription once they have maximized the return.


[…] the farmer will use it for six months or seven months and love it. And then he'll pay the subscription for another two years and then finally just drop it and be like, I don't even use this anymore. You know? ‘Cause a lot of the things are fixed after your six months of using that, whatever it is you're using, […] after six months where your inefficiencies are at. Right. But then for the next two years, you end up paying for it because you think you need it. But then it’s like I already know. And it's, I've already cleaned it up and everything else you're showing me now is something I can't fix, you know? And so, then, they ended up getting dropped and it's not worth the subscription fee then. (C2)
 

Further, incentives do have a positive impact on adoption but can often be met with negativity. Mostly growers mentioned how some regulations are forcing them to adopt; a stick rather than a carrot that leaves a negative taste because typically the incentive is to meet reporting requirements to avoid fines.


If I'm getting a benefit from the technology and helps me save this money, get this grant money I think it’s a win-win. So that, so those incentives do help! You know? They really do. I do find those, sometimes they want to incentivize stuff but it’s not the most practical of things. You know? With this one it happened to be very practical for me, but some of the stuff they are incentivizing are really unpractical. (G1)

As soon as a new law or regulation comes out, there's a financial incentive to become more efficient to play within the boundaries and the rules of that regulation. You know, something like SGMA2 right, is really made this irrigation thing. (G10)
 

The relationship between experience and trust is dynamic and agtech firms can leverage this dynamic to build trust and demonstrate the effectiveness of new technology by engaging in beta testing or low-cost demonstration implementations with early adopters. These activities not only showcase tangible results but also establish a base of users who can serve as peer support for new customers, thereby enhancing the facilitating condition of technical support. Additionally, trust is reinforced through social influence within the community.


And so we partnered with a company [Company]. And so they've, they've kind of been working on different versions of doing that in different ways, and we've kind of given our ranch as a place to test that out. (G10)
 

Growers identify interoperability as a facilitating condition of adoption; there is a need to think in terms of systems and how new products interact with existing technology to provide information for decision-making. In essence, there’s a need for general infrastructure support, for technologies that interoperate; systems are needed, not more siloed components. Increased interoperability and complementary systems increase yields and improve economic profitability (DeLay et al., 2022).


… a yield harvest monitor is what's allowed the Midwest to become what they become with technology. You know, because none of this data makes any sense, really, until you can overlay it with a yield map … (G9)
 

Moreover, we concur with recommendations from other authors who have examined barriers to technology adoption in agricultural systems, and who have concluded that enhancing farmer trust is a lubricant for facilitating technology adoption. Eastwood et al. (2023) recommend using system approaches to design and develop technology, and to “… design and develop data governance, business models, and standards for data that are transparent, inspire trust, and share benefits of digital technologies among supply chain stakeholders” (p. 1). Fielke et al. (2022) note the benefits of redistributing trust between industry and farmers, and that “… providing institutional mechanisms to empower those actors that feel disempowered allows for progress in reducing antagonistic power relations and creating space for exploration of alternative arrangements” (p. 128). McGrath et al. (2023) point out the value of widening inclusion and farmer engagement in designing technology from the perspective of end-users. To summarize, we advocate for farmer engagement in product design, data governance, and innovation at all levels of the supply chain as a conduit to increasing trust, and thus technology adoption.

Our findings add to the literature on moralistic trust and expand upon the work of Gardezi and Stock (2021), although we contemplate whether there are regional influences from American subjects who may be more accepting of sharing farm data, compared to the Australian farmers in the Wiseman et al. (2019), Jakku et al. (2019), and Fielke et al. (2022) studies. Gardezi and Stock’s work was conducted in South Dakota and Vermont (USA). Moreover, our subjects in California’s Central Valley are within two hours of Silicon Valley, which is recognized as an international hub for technological innovation; hence, there is a possibility that familiarity with innovation creates a comfort level and acceptance of data sharing. In sum, we contribute to the literature that suggests that farmers aren’t overly concerned about data privacy, though the potential for regionalism merits additional exploration.




6 Conclusion

In summary, our study shows that adoption of digital agriculture technology follows similar patterns with other industries, according to the TAM-3 and UTAUT-2 models. Our findings are also consistent with those of Gardezi and Stock (2021) promulgating that producers adopt precision agriculture as a feature of moralistic trust. However, given the importance of food production and the prevalence of small farmers, without making the value of tech adoption clear, small farmers may lag their peers and have difficulty catching up, which may further marginalize this population. To “bridge the disconnect between farmers and the tech community” (Nolet, 2018, p. 1) we must identify the value proposition of proposed digital agriculture solutions.

The benefits of engaging small farmers may pay off, in a way that advances digital technology to improve food security and minimize environmental impacts for all, write Dorin et al. (2022, p. 1): “Agricultural technology can potentially reduce poverty, increase well-being and food security, and drive economic development, but it has not yet, and it will not, unless changes are made in how it is created, applied and socially integrated”.

Systems of agtech are needed to fully realize benefits of on-farm digitalization; siloed products cannot hope to address the complexities involved, and often do not improve economic profitability (DeLay et al., 2022). Development of whole systems requires collaboration and cooperation across the agtech industry, something that may need policy intervention to realize. Examples of needed cooperation include the development of standards so that smart devices such as sensors are interoperable or “platform agnostic”.

To increase adoption, it is not enough to demonstrate theoretical economic benefits. The intelligent route forward is to first engage a broad set of stakeholders in identifying the most pressing needs. While growers are aware of potential economic benefits, their willingness to adopt new technologies often hinges on how well those technologies address their most significant challenges. It is critical to maintain this stakeholder engagement during development and testing phases and use partner-growers to demonstrate effectiveness. Such an approach not only ensures the most valuable systems are developed, but also builds strategic trust dimensions in both social and technology domains.

This work demonstrates the importance of profitability and trust in growers’ adoption decisions and that data collection by agtech companies may not be the barrier for implementation of IoT technologies such as sensors. In future work, we will be looking more deeply at this interplay between profit, data, and trust through experiments to identify, for example, the willingness to pay for technology with select features. Our current work is limited in the small sample size of participants and the focus on organizational-level adoption decisions. Future work could explore the adoption by farm workers, including the impact of new technologies on the nature of their work.
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Footnotes

1   We use the Economic Research Service farm typology (Hoppe and MacDonald, 2013) to define small and mid-sized family farms. This typology considers the ownership structure (owned by family) and gross cash farming income (GCFI) to further classify small (low and moderate sales), medium, and large family farms. The farms represented in our sample span the small and medium GCFI categories ranges.

2   California’s Sustainable Groundwater Management Act (SGMA) https://water.ca.gov/Programs/Groundwater-Management/SGMA-Groundwater-Management
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Issue Exemplar quote

Price value Open to adopt when value demonstrated.  And I would say we are a company that does not shy away from it just because the price of i, if it makes
sense, it’s going to bring value. (GS)

Investments are assessed against size of the | Twould love a self-driving sprayer, allthat kind of stuff. But there’s no way that could be financially

farm. justifiable for the size of my operation so economically T cannot do it. So,  lot of that stufislike, yeah
You want it, but you cannot afford it and there’s no way. (G1)

Subscription models can have advantages, | You know, having a company own and operate the equipment, right? Yeah, it much better for a company

especially for smaller operations. 10 come offer a service versus offer a product like do not offer a weather station, offer me weather station
service, right? (G9)

Data quality Improving decision making is an important | You know, and that’s my goal in every tool I can find. Make it more precise, in other words. ‘Should I wait

benefit of agtech and requires quality data. | until June Ist to start water?'[...] Anything that can help me make that decision, when to put the water
and how much 5o I'm not running water past the red zone, every drop i getting used - that’ a big value
10 any grower. (G3)

Timely data have greater value. 14 rather have information literally any hour I want it versus one hour on another guy’s time once a week.
(G6)
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Issue Exemplar

Performance oo much information is not [Product] in particular, give [sic] me way t00 much information, and it’s not relevant. (G11)
helpful.
Must be able to act on the So1f you tell me that this area is dry and this area is wet, there is not anything else I can do about it It just does not work.
information provided. Or this area is ow on nitrogen and this area is high. Nothing I can do about it because we fertigate, we rur our ertiizer

through the irrigation system. So telling you those things is not that useful. (G11)
Effort Systems that can reduce the We do ot have necessarily time to be checking these traps and deals ...] But any of that technology; they can give us real
effort of collecting quality data  time data that we can analyze. It it huge. (G5)
are appreciated.
Adding steps or new processes  And you also, everyday have to go and hook up your laptop to this soil moisture probe and download all the data. It ke,
increases resistance. Wow, why do not I just go out there with a hand probe? (C4)
Frequent changes are a burden.  [...] for these things to be successful,there has to be inherent simplicity and, and a continuum in them. You know, constantly

tinkering with them becomes a...just a giant nuisance to farmers because they do not have time to relearn it. (C8)
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Age group Growers Consultants

20-29 3 0
30-39 0 3
40-49 4 4
50-59 0 1
60+ 4 2

To protect participant anonymity, gender and race are not explicitly indicated. Among the 21 interviewees, 15 self-identified as white, while the remaining six identified as American Indian/
Alaska Native, Asian, or Portuguese-American. One grower identified as a woman.
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Strategic trust
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Contextual
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Early adopters show higher levels

of general trustin technology.

‘There have been too many bad
experiences with ag tech in the

past. (general trust in technology)

Certain types of organizations are
less trusted given the way they have

approached agtech historically.

‘The word of a trusted advisor or

peer can overcome uncert

y.
Relationships can form chains of

trust

Some products have proven

themselves.

Seeing your peers using a product
builds confidence.
Respect for and reliance on

experienced peers.

Iwould be willing to be the first. Me personally, ', I'm, I'm cool being an early adopter and spending some

extra cash. (G8)

“Hey, thi thing is going to do your taxes, i’ going to mow your feld, and it going o tell you you are showing
moisture and give you the moon” And then it does not do that. And then they, and then they have a second guy
come in. They'relike, OK, I'm going o trust you. I'n going 1o try o trust you. Same thing happens again, and

then they are burned on al technology. They say all technology is the same, does not work. (C3)

el like Silicon Valley has actually hurt precision agriculture adoption, because you had a lo of guys [...]
came from a true blue Silicon Valey startup that saw agriculture and was lie, Oh, sweet, there's this cash cow
that nobody knows about’...J and very quickly we found out [...] we are actually behind the curve. [...] And.
5o then they start pushing and they start pushing the development process too quickly: So then they put

something out that’s unreliable. (C3)

L...] they do not know the value. And so they just kind of; I have to trust someone. (C7)

The grower does not know me, grower does not know [Company], grower knows [Salesperson]. “[Salesperson]'s
my guy when I need something. [Salesperson] takes care of it for me. [Salesperson]'s going to a different
company. Do they sell everything I need? Can you make it happen?” [...] So [Salesperson] s not going to

jeapardize his connection with me, and then the grower is not going to talk to me directly either. (C1)

Butif 1 did not have those meters or did not have confidence in those meters to not knnow how niuch of my 28
inches Id used, yeah, because [Product] wasn't available it would be very frustrating because whatever I go over,

it going to cost one hundred and fify dollars an acre foot. (G11)

Knowing that, eh, local farmer has bought the product also. (C10)

Sometines you ask them, hey, why do you do that?’ Oh, my neighbor started it. All right. I do not know. But
e a good grower, so I'll copy him. (C9)
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Facilitating Incompatible systems create work,  You know, I mean, to this point, every technology I'e ever subscribed to or bought, and none of it talks to each
Conditions increase risk of obsolescence. other. Right? Its all just whatever it is that you are getting right. There’ nothing that like, you know, that talks to

cach other, right? (G9)

Value of new systems reduced if  There was an ag business software that, you know, you could write your recommendations in and keep track of
cannot integrate with existing your product cost in and stufflike that but it wasri' compatible with [Product]. You know where [Product] is like
(widely-adopted) products. the industry standard of recommendation writing and the store house of ll te labels of the different insecticides

and fungicides and herbicides that are out there. Itslikeif you are going to have some sort oftool like that it needs

o be able to talk to [Product] otherwise what are you doing? (G1)

Interoperability adds value: better [Product A] one of the greatest things they did i they linked their,their, their [Product A] app with [Product B],

decisions at lower effort. S0 you could plan your irrigation as well a plan your field events. All at the same time. (C2)

Uncertainty about maintenance  And so like the factors would be like. If we are, if we, if we encounter breakdown diffculties, parts availability
and support availability increase  service, you know, i this, s this, i thissystem actually tred and true? (G10)
friction. But what happens if they start breaking? What happens? Problems start happening. You have to call someone out.
You have to wait, That'; klling your time. (G4)
“There's alot of instruments that work, but they have to be serviced. And as a farmer, we only have so much time
to supervise and manage our business (G3)
Quality of support experiences  If they go and buy $20,000 of equipment and then a month later,its not working and no ones there to help them.
affect general trust in new St like that constant, That's why i takes a long time to, like, introduce stuffinto the industry because it takes

products. time to build that base of reliable technology. (G4)
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Results Meeting a perceived need | 1 think the most, most important thing, a least in regards to almonds and walnuts, would be a yield harvest monitor,
drives adoption interest. right? If there is a way: That' essentially what has...a yield harvest monitor is what' allowed the Midwest to become
what they become with technology: You know, because none of this data makes any sense, really, until you can overlay it
with a yicld map [...] (G9)
Where no need is identified, | Or they just think, oh, technology, we do not need it. We've been doing this for generations, so we are doing fine,
technology is a hard sell. you know? (G7)
Early adopters risk poor But sill,we need productivity, right? And sometimes some of the newer technology we do not want 1o see, we struggle.

results. The technology struggles, which affects our productivty,... (G5)
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