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ABSTRACT 

 

 

The rapid digitalization of agriculture, including the rise of Precision Agriculture (PA) 

tools, reshapes farming practices, knowledge systems, and decision-making processes, 

prompting critical questions about the values and ethics behind how these technologies 

are developed, deployed, and used. Key concerns include whose interests they serve, who 

is included or excluded from their design, and how they may reinforce or challenge 

existing power dynamics. This research explores the impact of PA technologies on 

agricultural decision-making through three distinct study focuses, utilizing a Responsible 

Research and Innovation (RRI) approach. The first study investigates existing data-

justice concerns in the context of data-driven PES systems by analyzing the lived 

experiences of farmers in this context. The second study examines Certified Crop 

Advisors (CCAs) engagement with Decision Support Systems (DSSs) based on their 

Affinity for Technology Interaction (ATI). The third study explores how various 

stakeholders envision PA’s role in sustainable agriculture, uncovering tensions between 

techno-optimistic visions and localized, justice-focused approaches grounded in 

ecological and cultural values. Collectively, the findings reveal that the current digital 

agriculture system is top-down, driven by profit-seeking, power-concentrated 

corporations, and shaped by techno-optimistic visions, thereby widening the gap between 

technology developers and end users. Consequently, the broader promise of serving the 

public good and contributing to a sustainable future of agriculture is undermined. This 

research advocates democratizing agricultural futures' vision and the technology 

development process through participatory design, inclusive governance, and justice-

oriented policy interventions. It urges that agricultural technologies be reclaimed as 

public goods designed to promote sustainable, equitable, and socially responsible 

agricultural futures. 
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GENERAL AUDIENCE ABSTRACT 

 

 

The rapid digitalization of agriculture, including the rise of Precision Agriculture (PA) 

tools, is reshaping farming practices, knowledge systems, and decision-making processes, 

necessitating critical reflection on the values and ethics behind how these technologies 

are developed, deployed, and used. Key concerns include whose interests these tools 

serve, who is included or excluded from their design, and how they reinforce or challenge 

existing power dynamics. This research takes a forward-thinking and inclusive approach 

while exploring the impact of PA technologies on agricultural decision-making through 

three distinct study focuses. The first study explores existing data justice concerns in the 

context of data-driven Payment for Ecosystem Services (PES) by analyzing farmers’ 

lived experiences in this context. The second study examines how Certified Crop 

Advisors (CCAs) interact with agricultural Decision Support Systems (DSS), based on 

their affinity for technology interaction, while making agricultural decisions. The third 

study explores how various stakeholders across the agricultural community envision the 

role of PA in creating a sustainable future in agriculture. Collectively, the findings reveal 

that the current digital agriculture system is top-down, driven by profit-seeking, power-

concentrated corporations, and shaped by techno-optimistic visions, thereby widening the 

gap between technology developers and end users. As a result, the broader promise of 

serving the public good and contributing to a sustainable future of agriculture is 

undermined. This research advocates democratizing the vision of agricultural futures and 

the technology development process through participatory design, inclusive governance, 

and justice-oriented policy interventions. It urges that agricultural technologies be 

reclaimed as public goods designed to promote sustainable, equitable, and socially 

responsible agricultural futures.
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CHAPTER ONE 

 

Introduction 

Agriculture is going through a paradigm shift with the advent of precision 

farming. Against the backdrop of that shift, this study explores how precision agriculture 

(PA) influences agrarian decision-making, considering various aspects of PA and its 

implications. “Agriculture 4.0” (Lejon & Frankelius, 2015; Frankelius et al., 2017) 

includes the application of artificial intelligence (AI), the Internet of Things (IoT), 

machine learning, robotics, and cloud computing in agricultural production and 

distribution systems (Alm et al., 2016; Smith, 2018; Tilson et al., 2010). PA is a result of 

this “technological revolution” (Rose & Chilvers, 2018); it relies on digital information 

about soil conditions, weather patterns, crop growth, and other factors that impact crop 

yield and quality to analyze and optimize crop production and efficiency. Even though 

PA promises farming efficiency, better productivity, and protection of the environment 

(Cheema & Khan, 2019; Mikula et al., 2020), farmers are hesitant to adopt PA because of 

the high cost of implementation, lack of technical expertise, lack of knowledge in 

interpreting the data collected, resistance to change, and data privacy and ownership 

concerns (Adrian et al., 2005; Antolini et al., 2015; Mitchell et al., 2020).  

There has been a significant influence of the corporate sector in the domain of 

precision agriculture, especially after major mergers and acquisitions among major 

agricultural input companies, such as Bayer's merger with Monsanto, Dow Chemicals' 

merger with DuPont, and ChemChina's merger with Syngenta, highlighting a trend 

toward both horizontal and vertical expansion in the industry (Clapp, 2018). For example, 
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traditional input companies like John Deere and AgSolutions are leading the digital 

agriculture sector by either developing innovative technologies or acquiring other firms. 

Before Bayer acquired Monsanto, Monsanto itself acquired a digital farming company 

named Climate Corporation, which had previously secured several start-ups for their data 

(Bronson & Knezevic, 2016). Moreover, companies are forming partnerships across 

sectors. For instance, John Deere has partnered with Syngenta and DuPont (Mooney, 

2018). This consolidation of control has given rise to the phenomenon of 

“supermarketization,” where large agribusinesses dominate both the supply chain and the 

standards for agricultural data, often sidelining smaller players in the process. 

Digitalization further amplifies “supermarketization” by providing precise 

tracking tools that enhance product traceability, thus enabling vital actors in the food 

commodity chain to define the standards for the quality and value of food, which were 

previously decided by the government (Burch & Lawrence, 2009; Freidberg, 2020). For 

example, with digitalization, information like harvest date, location of the plot where it 

was grown, packaging date, and transportation time can be made available (Thomasson, 

2019), which was only possible after. Even though this initiative might provide 

transparency for the consumer, it might have an exclusionary effect on the producer, 

given that the fate of the producers lies in the hands of the regulatory body, which in this 

case are the supermarkets. A producer who cannot meet the set standards might be 

targeted individually. One such supermarket is Cargill. Cargill uses GPS to gather 

detailed information about farm size, location, cultivation practice, and what kind of 

fertilizer was applied, besides a "wealth of information about farming families and 

communities" (Cargill, n.d). This approach helps agribusiness giants (like Cargill) market 
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their products to the consumer with a narrative of being "safe" and "green," thus 

continuing their control over the food supply chain.  

Additionally, the environmental narrative often legitimizes digital intrusion in the 

food supply chain. To be identified as a responsible company and show how committed 

Cargill is to checking deforestation, it tracks detailed information on smallholder farms 

(56,000) and farmers of Indonesia, Cameroon, and Cote d'Ivoire to check if the farm 

location is in the deforestation hotspot to prove that they (Cargill) are not creating 

deforestation as they supply cocoa (Prause et al., 2020). Farm machinery companies 

justify that digitalization is helping their product get climate-smart (Newell & Taylor, 

2017). It is seen that corporate actors gain much institutional support by portraying digital 

technology as a way to reach sustainability (Newell & Taylor, 2017). Big agrotech 

companies have convinced global organizations (FAO, EU) that digital technologies in 

agriculture are essential to maintaining a healthy and sustainable environment (FAO, 

2023; European Commission, n.d.). Countries that are part of the Global Forum for Food 

and Agriculture have decided to create a new group called the International Digital 

Council for Food and Agriculture. This council will operate under the FAO, focusing on 

using digital technologies to improve the global food system (FAO, 2020b). 

The influence of agritech companies extends beyond technology to shaping 

agricultural knowledge, vision, and identity of farming communities. In the last decade, 

powerful actors in society, such as venture capitalists, philanthropists, and innovators, 

have collectively envisioned techno-optimist futures of precision agriculture (Gugganig 

et al., 2023). For example, the World Bank's Agriculture Action Plan (2015) and Climate 

Action Plan (2016) discuss how smart agricultural innovations can improve precision and 
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economic efficiency in input-intensive farming practices. They also prioritize the needs 

of major players, like Gates Foundation, in the global food system. Similarly, John 

Deere's Farm Forward video portrays a fully automated vision of the future of PA, where 

farming can be controlled from the comfort of a living room (John Deere, 2012). As such, 

the positive perspective on using automation in agriculture is potentially displacing 

traditional farm labor (Bronson, 2018).  

In this context, it is to be noted that agritech uses big data, AI, and machine 

learning algorithms to provide "precise" farming advice that is "quantifiable, 

distributable, and searchable," so it casts doubt on the reliability of farmers' knowledge. 

Farm-level "knowledge" generated by PA systems, such as integrated decision support 

systems, is portrayed as being more "trustworthy" and better than farmers' tacit 

understanding of their respective agricultural systems (Lupton, 2015, p. 103). Private 

companies claim that algorithmic knowledge will enable farmers to be more precise with 

seed placement on the field (Goldman Sachs, 2016, p. 23). In this context, it is worth 

mentioning that the process of producing knowledge is essentially political and involves 

uneven power dynamics (Haraway, 1988), involving socially influential individuals and 

organizations making value judgments about what types of information and whose 

knowledge is considered reliable and accurate (Goldman et al., 2011). Agritech 

companies have the power to reshape farmers' understanding of agriculture through 

algorithmic knowledge and PA systems. This can lead to farmers accepting new roles and 

identities as PA subjects with potentially limited farming knowledge, influencing their 

trust in the PA system. This trust is based not only on the performance of technological 

tools like drones and sensors but also on how agritech companies portray PA and the 



5 

 

resulting farming recommendations as more dependable and fair than traditional systems 

(Wiseman et al., 2019). 

As highlighted by Gardezi and Stock (2021), PA technologies and corporate 

practices have transformed farming into a data-driven, technology-mediated activity, with 

farmers acting as nodes in a system governed by algorithms and corporate policies. 

(Carolan, 2020b). For instance, the latest John Deere tractors have digital locks restricting 

farmers from fixing the machinery independently (Carolan, 2017). Instead, farmers must 

take their equipment to an authorized John Deere dealer, who is the sole knowledgeable 

authority to carry out repairs. These digital locks enable companies like John Deere to 

effectively control certain aspects of a farmer's tractor (Carolan, 2020a, p. 17), reshaping 

farmers' knowledge of equipment repair. Furthermore, these proprietary tractors are 

outfitted with various environmental sensors that collect data for the entire farming 

system, including farmers' preferences and actions. This information is safeguarded by 

intellectual property rights, preventing the farmers from accessing, controlling, or owning 

this data (Carolan, 2017; Rotz et al., 2019a). The persistent use of these technologies 

creates a social reliance on farmers who receive something in exchange for their data 

generation (Fraser, 2019).  

Agritech companies leverage their persuasive power to shape the identities of 

farmers involved in PA. This influence is established by building trust. The rationality of 

PA's algorithms, which govern the interaction between users and technology, requires 

farmers to embody the role of a tech-savvy, early-adopting PA farmer aligned with 

governmental initiatives (Carolan, 2020a). Consequently, PA becomes a symbolic label 

for a ‘modern' farmer who trusts scientific knowledge and technology to 'improve' 
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farming methods (Kuch et al., 2020; StartupAUS, 2016). Farmers approach PA systems 

from a moral perspective in their pursuit of becoming a 'successful' and 'modern' farmer, 

viewing PA as part of their 'moral community' (Uslaner, 2008, p. 4). The use of big data, 

artificial intelligence algorithms, and automated suggestions is commonly seen as a 

matter of ethics and societal norms instead of being assessed solely on their pros and 

cons. This evaluation is often shaped by the promotion of idealized principles related to 

the concept of a 'good farmer,' especially one who adopts precision agriculture at an early 

stage (Higgins et al., 2017).  

Bronson (2018) emphasizes the need for a value-driven approach to technological 

innovation, observing that past agricultural advancements often worsened power 

imbalances. This pattern continues in smart farming, where optimistic visions promoted 

by major agribusinesses like John Deere contrast with the challenges faced by many 

farmers, who must contend with high costs, complex technology, regulatory gaps, and 

data control issues. Bronson (2018) and Eastwood et al. (2017) call for an inclusive, 

stakeholder-driven inquiry into the sustainability, ethics, and transparency of digital 

agriculture. As such, it becomes critical to understand how key actors decide to use or not 

use certain technological advancements and, ultimately, how useful or not they are for 

key actors. These questions need to be adequately addressed.  

This study focuses on exploring how PA influences agrarian decision-making 

through three focused studies, each investigating a different aspect of PA and its broader 

implications. Paper 1, titled "Exploring Farmers' Perceptions of Data-Driven Payment for 

Ecosystem Services (PES) Programs Through a Data Justice Lens," investigates how 

farmers perceive data-driven PES systems and examines how their concerns correlate 
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with key dimensions of data justice. Paper 2, "Identifying Affinity for Technology 

Interaction Amongst Certified Crop Advisors," investigates how Certified Crop Advisors 

(CCAs) engage with Decision Support Tools (DST) by assessing their comfort, 

proficiency, and willingness to interact with digital technologies. Paper 3, titled 

"Anticipating Contested Futures of Precision Agriculture: A Foresight Study," explores 

how different agricultural stakeholders envision the future role of PA in achieving 

sustainability, with attention to how varying perspectives reflect underlying power 

dynamics. Together, these studies aim to bridge knowledge gaps and address the broader 

social, ethical, and governance implications of PA adoption. 

Theoretical Framework 

Considering the existing power imbalance in the agrarian community, especially 

in the context of precision agriculture, it is essential to have policies and governance 

framework that would prioritize the greater good of the entire society, signaling towards 

adaptation of Responsible Research and Innovation (RRI) in the context of precision 

agriculture. As such, Stilgoe et al.'s (2013) adaptation of the RRI framework is used in 

this study as a guiding structure to address the ethical, social, and inclusive implications 

of PA technologies. By emphasizing the principles of anticipation, inclusion, reflexivity, 

and responsiveness (AIRR), RRI provides a way to evaluate the broader societal impacts 

of PA. It is because PA technologies are not just technical tools; they actively shape 

agrarian practices, knowledge systems, visions, and societal roles. RRI helps to ensure 

that the development and adoption of PA are aligned with ethical standards and social 

equity, addressing power dynamics and inclusion by considering diverse perspectives. By 

using RRI, this research aims to foster a socially responsible approach to digital 
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agriculture, ensuring that the technology serves not only productivity goals but also 

supports sustainable, fair, and transparent agricultural practices that benefit all 

stakeholders involved. 

The emergence of RRI was due to a discourse in the European Commission (EC) 

(Stilgoe et al., 2013). Rene von Schomberg, who was then at the EC Directorate General 

for Research, initiated RRI as a policy discourse, which was promptly adopted (in May, 

2011) by the EC’s Science in Society program within the Research Directorate (Owen et 

al., 2012). Schomberg was pivotal in establishing a vision for RRI that leaned heavily on 

ethics while assessing a technology. The European Commission showed its commitment 

to Schomberg’s vision of RRI by taking related actionable steps that included creating an 

expert group of RRI and channeling funds for the 7th Framework Programme (FP7) and 

the Horizon 2020, thus making RRI a cross-cutting issue (Article 14, EC (2013)). 

Therefore, RRI was established as a policy by the EU.  

Over the years, researchers have interpreted and conceptualized RRI in diverse 

ways, particularly within the context of the AIRR framework (anticipation, inclusion, 

reflexivity, and responsiveness) (Owen et al., 2013; Stilgoe et al., 2013), with some 

extending it to include elements like transparency and governance (Ravn et al., 2015). 

However, the European Union describes RRI as “diverse and inclusive, anticipative and 

reflective, open and transparent, and responsive and adaptive” (Groves, 2017). Stilgoe et 

al.'s (2013) definition of RRI had elements similar to those of Schomberg but came from 

a different context. Stilgoe states, “Responsible innovation means taking care of the 

future through collective stewardship of science and innovation in the present” (Stilgoe et 
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al., 2013, p. 1570). The proposed four dimensions of responsible research are 

anticipation, inclusion, reflexivity, and responsiveness (the AIRR framework).   

As mentioned above, this research consists of three interrelated studies, each 

presented via its own manuscript. The first paper, “Exploring Data Justice in the Context 

of Data-Driven Payment for Ecosystem Services (PES),” applies the RRI framework by 

centering the lived experiences of farmers to examine how data-driven PES systems are 

perceived and experienced. By foregrounding the voices and concerns of end users, the 

study specifically engages with the inclusion dimension of RRI, which emphasizes the 

importance of incorporating diverse societal actors into processes of technological 

design, governance, and evaluation. 

 In the second paper, titled “Identifying Affinity for Technology Interaction 

Amongst Certified Crop Advisors,” the Affinity for Technology Interaction (ATI) scale is 

used to assess Certified Crop Advisors’ (CCAs’) comfort and willingness to engage with 

digital tools. This study aligns with the inclusion dimension of RRI by systematically 

recognizing the diverse technological engagement levels of CCAs within the broader 

discussion on PA adoption. By acknowledging variation in users’ affinity for technology, 

the study emphasizes the need for participatory and user-centered approaches in 

developing and disseminating digital agricultural tools. 

In the third paper, titled “Anticipating Contested Futures of Precision Agriculture: 

A Foresight Study,” the RRI framework is applied by engaging both the anticipation and 

inclusion dimensions. The study aligns with the anticipation principle by proactively 

exploring potential social, ethical, and environmental implications of PA before they 

materialize. It further reflects the inclusion dimension by incorporating diverse 
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stakeholder perspectives to understand how different actors envision the role of PA in 

shaping sustainable agricultural futures. Through this dual focus, the study aims to guide 

the development of PA technologies in a manner that is socially responsible, inclusive, 

and aligned with broader societal values. 

Reflexivity statement 

I am a woman born and raised in India, with over a decade of experience working 

closely with Indian farmers. My understanding of agriculture was initially shaped by the 

context of smallholder farming systems, where farmers often have limited land holdings, 

constrained resources, and reduced agency in decision-making processes. The archetype 

of a farmer in my experience was someone whose livelihood depended almost entirely on 

the land, often marked by economic vulnerability and restricted access to technology. 

Through my PhD program in the United States, I was introduced to a very 

different agricultural context. This research marked my first direct engagement with U.S.-

based farmers. I realized that in India, even a so-called "large farm" is often smaller than 

what qualifies as a "small farm" in the United States. This contrast in scale influences 

how digital technologies are perceived and used. What may be considered a luxury for 

Indian agricultural community, such as digital tools and precision technologies, is often a 

necessity for U.S. agrarian sector, driven by the sheer magnitude of their operations and 

the time-sensitive nature of agricultural production.  

My positionality, as an international scholar and researcher based in a U.S. higher 

education institution, meant that I was an outsider to the lived realities of American 

farming community. It was precisely this awareness of my own assumptions and 

positional bias that led me to adopt an exploratory approach to this research. Rather than 
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seeking to confirm what I already believed, I aimed to understand the context on its own 

terms. 
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CHAPTER TWO 

Exploring Data Justice in the Context of Data-Driven Payment for Ecosystem 

Services 

Abstract  

Payment for Ecosystem Services (PES) combines financial incentives with 

ecological sustainability, providing a market-driven conservation approach to agriculture 

and natural resources management. Central to PES is its data-driven method, which has 

generated considerable debate. While many believe this approach will foster sustainable 

agricultural practices, concerns about data integrity, surveillance, equity, privacy, and the 

reliability of digital tools remain. This study used an interview-based methodology to 

explore data justice concerns in the context of data-driven PES systems, drawing on the 

perceptions and lived experiences of farmers from Virginia, South Dakota, and Vermont. 

Using a two-step qualitative analysis, we first conducted inductive coding of interview 

data to identify core concerns expressed by participants. This initial coding revealed four 

themes: lack of transparency about data use, challenges in the accuracy and reliability of 

digital models, governance structures favoring powerful actors, and systemic inequities 

that disadvantage smaller producers. In the second stage of analysis, these identified 

problems were categorized using Heeks and Renken’s (2016) “different theories of data 

justice,” which distinguish between procedural, distributive, and instrumental dimensions 

of justice. This mapping showed how participants' concerns reflected deeper systemic 

issues around fairness, participation, benefit-sharing, and the reliability of digital tools. 

The findings highlight that current digital PES systems risk reinforcing existing 

agricultural inequalities rather than addressing them. This research calls for the 

institutionalization of participatory design processes, the development of inclusive 
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governance frameworks, and stronger legal protections for agricultural data rights. By 

applying a data justice lens, the study contributes to a more critical understanding of the 

social and political implications of digital innovation in agriculture. 

Keywords: Payment for ecosystem services; data governance, data justice.  

1.1. Introduction  

Agriculture is undergoing a digital shift where data is crucial in shaping decisions 

and outcomes across the sector. A wide range of stakeholders, including producers, 

government agencies, corporations, non-profits, and scientists, seek access to agricultural 

data to support planning, market strategies, and resource management, indicating what 

some refer to as the “era of big data” (Boyd & Crawford, 2012).  

In this context, Wolfert et al. (2017) present an important framework to 

comprehend the agricultural data lifecycle, outlining six essential stages, each linked to 

distinct technologies and governance challenges. The first stage, data capture, involves 

the use of sensors, drones, and biometric devices to gather field-level and genetic 

information (Cole et al., 2012; Faulkner & Cebul, 2014), although concerns about 

availability, quality, and standardization remain (Tien, 2013). Next, data storage typically 

employs systems such as HDFC (Hadoop Distributed File System) and cloud platforms 

(Zong et al., 2014); however, achieving secure and affordable access continues to be 

problematic. The third stage involves data transfer, which relies on wireless systems and 

Linked Open Data (Karim et al., 2014; Ritaban et al., 2014; Zhu et al., 2012), raising 

safety and legal concerns (Haire, 2014). Fourth, during data transformation, machine 

learning tools help to clean, visualize, and anonymize the data (Ishii, 2014; Van 

Rijmenam, 2015); however, discrepancies in source formats complicate this task (Li et 



20 

 

al., 2014). The fifth stage, data analytics, utilizes decision models and cognitive 

computing to derive insights (Van Rijmenam, 2015), but challenges such as scalability 

and semantic inconsistencies persist (Li et al., 2014; Semantic Community, 2015). 

Finally, the marketing and service delivery phase involves converting insights into tools 

or recommendations (Van ’t Spijker, 2014), where issues of ownership, privacy, and 

equitable benefit-sharing arise (Orts & Spigonardo, 2014).  

As technology intersects with society, it ceases to be a neutral tool and instead 

emerges as a deeply social phenomenon shaped and orchestrated by prevailing power 

structures. The agricultural sector has long been a site of capitalist expansion, where 

social and environmental concerns are often subordinated to market logic and corporate 

power (Magdoff, Foster, & Buttel, 2000). As Ghosh (2024) points out, technological 

pathways are rarely value-neutral; they are crafted and mobilized through institutional 

priorities and elite imaginaries that privilege certain futures over others. This 

technological hegemonization reflects Gramscian notions of consent manufactured 

through dominant discourses, where “what is good for society” becomes equated with 

what is profitable or scalable (Gramsci, 1971).  

This situation is especially visible in the rise of corporate-controlled digital 

agriculture, bringing serious concerns about power, fairness, and accountability. 

Companies like John Deere and AgSolutions have acquired digital technology firms and 

developed private platforms to collect and process farm-level data. This has strengthened 

their control over agricultural knowledge, limiting transparency and allowing them to 

decide how data is collected, used, and shared (Bronson & Knezevic, 2016). Monsanto’s 

purchase of Climate Corporation, followed by its takeover by Bayer, further shows how a 
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small number of large companies increasingly shape data systems in agriculture. These 

developments limit farmers' independence and reduce opportunities for public oversight 

or the creation of alternative systems. Much of the decision-making, including what data 

to collect and how to interpret it, is built into closed systems that users cannot fully 

access or question. For example, John Deere has faced criticism for restricting farmers' 

access to the tools and data needed to repair or adjust their own machinery (Associated 

Press, 2024; Public Interest Research Group [PIRG], 2023). This forces farmers to rely 

on company-approved services and makes it difficult for them to fully control the 

technology they use. 

In addition, these closed systems often create interoperability challenges. 

Different platforms may not be designed to work with one another, which limits the 

ability of farmers to combine tools from multiple providers or to move their data across 

systems. This lack of compatibility locks users into specific vendor ecosystems and 

hinders innovation, collaboration, and the development of more open and inclusive 

agricultural solutions (Farm Foundation, 2021). Partnerships among major firms, such as 

John Deere, Syngenta, and DuPont, further expand corporate influence while limiting 

space for public input or shared governance (Mooney, 2018). As Stock and Gardezi 

(2021) explain, this trend reflects a form of ecological modernization, where 

environmental goals are reshaped to support business growth.  

These corporate consolidations present significant challenges related to 

agricultural data governance. While digital platforms are promoted as tools to optimize 

yields and improve efficiency, they often embed power asymmetries that limit user 

autonomy. As Bronson (2018) notes, Monsanto’s FieldScripts platform lacks 
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transparency, relying on algorithmic recommendations that are proprietary and non-

explainable to users. Producers are expected to follow these recommendations and 

purchase specific inputs, restricting their capacity for independent decision-making. 

Similarly, platforms like the John Deere Operations Center and Corteva Agriscience’s 

Field Guide do not offer meaningful user control (Ruder, 2023). Even when farmers are 

told they “own” their data, the intellectual property rights to aggregated data and 

analytics typically remain with the platform providers (Ruder, 2023). Data ownership 

becomes more symbolic than substantive in this context, as complex contracts and 

technical dependencies preserve corporate advantage. In light of these dynamics, this 

study asks: How are data justice concerns manifested in the context of data-driven 

Payment for Ecosystem Services (PES) systems? The situation is further complicated by 

the absence of robust legal frameworks governing agricultural data ownership and use 

(University of Maryland Extension, 2020). Where rules do exist, they are usually 

embedded in private agreements that prioritize the interests of platform providers and 

often shift liability and risk onto farmers (Ruder, 2023). 

Given that data can be influenced by various factors such as ideas, techniques, 

technologies, people, systems, and contexts that create, process, manage, and analyze 

them (Bowker & Star, 1999; Lauriault, 2012; Ribes & Jackson, 2013; Kitchin, 2014a), 

Bronson and Knezevic (2016) recommend a pressing need to examine agricultural data 

critically and question how agricultural datasets are constructed, who decides what data is 

collected, how it is managed, and for whose benefit—questions that this study directly 

engages within the context of data-driven PES. Furthermore, this study contributes to the 

Responsible Research and Innovation (RRI) approach by applying the principle of 
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inclusion, as outlined by Stilgoe et al. (2013), to the domain of digital environmental 

governance. Specifically, by exploring farmers' perceptions and lived experiences 

regarding the data-driven aspects of PES and examining farmers' responses through the 

lens of data justice, this study aligns with the perspectives of Cleaver (2012) and Lele 

(2013), both of whom emphasize the importance of understanding how interventions are 

shaped, negotiated, and contested through everyday practices, norms, and power 

dynamics.  

The structure of the paper is organized as follows. We first review the existing 

literature on data-driven developments in PES and address concerns around data 

governance in data-driven PES, as well as in precision agriculture more broadly. This is 

followed by a brief overview of the study’s qualitative methodology, which explores 

farmers’ lived experiences with data-driven PES. Next, we present the key findings, 

organized around four central themes: transparency, data accuracy, governance 

structures, and systemic inequities. These findings are discussed through the lens of 

procedural, distributive, and instrumental dimensions of data justice, highlighting how 

digital PES systems may perpetuate existing social inequalities. Finally, we summarize 

the study’s main contributions and offer recommendations for fostering more inclusive 

and equitable data practices in environmental governance.  

2.1. Literature review  

2.1.1. Payment for ecosystem services 

Agriculture accounts for around 10% of greenhouse gas emissions in the United 

States, including carbon dioxide, methane, and nitrous oxide (Joiner & Toman, 2023). 

Environmentally sustainable agricultural practices that reduce emissions while offering 
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localized environmental benefits are becoming increasingly necessary (Kanter et al., 

2020). However, these practices often encounter challenges due to the imbalance between 

private costs and public benefits (Ghosh, 2024). To address this dilemma and encourage 

broader participation, U.S. agricultural policymakers have long utilized public funds to 

compensate farmers for voluntary conservation efforts, a strategy central to agri-

environmental policy since 1985 (Baylis et al., 2008). One such strategy is the PES 

model, which originated in Costa Rica and has been globally adopted. 

PES refers to voluntary transactions in which beneficiaries of ecosystem services 

compensate landowners or resource stewards for managing ecosystems in ways that 

deliver those services. These schemes aim to incentivize sustainable land use by 

assigning economic value to ecological functions such as carbon sequestration, water 

purification, biodiversity conservation, and soil protection (Wunder, 2015). Ecosystem 

services encompass both the tangible and intangible benefits derived from nature, 

including food, water, air, and fertile soil for crop production (Smith et al., 2013). PES 

arrangements arise when those who benefit from these services compensate those who 

maintain or enhance them. 

In recent years, PES programs have increasingly adopted digital technologies for 

monitoring and verification. The data-driven nature of PES relies on advanced tools such 

as remote sensing, satellite imagery, and geographic information systems (GIS) to 

observe ecological changes in digital formats, providing evidence and justification for 

payments (Engel et al., 2008; Dawson et al., 2016; Barbosa et al., 2015). For example, 

Goh and Yanosky (2016) studied a PES initiative in the La Amistad settlement in 

Paraguay designed to address deforestation driven by subsistence agriculture. The 
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program utilized Landsat satellite imagery to monitor land use alterations. However, the 

imagery's limited spatial resolution restricted its ability to capture small-scale changes, 

and attempts to validate classifications using on-ground data faced challenges due to 

landowners denying access, partly because of illegal marijuana cultivation. As a result, 

the researchers could not create an error matrix, a vital validation tool in remote sensing 

analysis, which impacted model accuracy. A UNDP (2024) report raises similar issues, 

noting that the growing reliance of digital PES systems on remote sensing, AI, and 

geospatial tools, without sufficient community-level validation mechanisms, may lead to 

inaccuracies, jeopardizing both program fairness and data reliability, especially when 

digital metrics dictate payment eligibility. The report advocates for hybrid monitoring 

frameworks that integrate technological tools with community validation to uphold 

fairness, accuracy, and local legitimacy. 

In the context of environmental monitoring, Decuyper et al. (2022) evaluated the 

AVOCADO algorithm used to monitor forest cover. They reported several limitations, 

including spectral confusion, where the model misclassified irrigated crops as forest 

regrowth due to similar reflectance patterns, and data gaps caused by cloud cover and 

inconsistent satellite imaging. Additionally, the algorithm struggled to detect gradual 

environmental changes, such as selective logging, which are often invisible to standard 

digital tools. Importantly, the model’s performance declined without context-specific 

calibration and reliable local reference data. These findings, similar to those of Goh and 

Yanosky (2016), emphasize the importance of ground-truthing and raise significant 

concerns about data governance and the predictive accuracy of automated systems in PES 

programs. 
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Together, these examples illustrate that while data-driven PES holds promise for 

transparency, efficiency, and scalability, it is also subject to serious limitations. 

Challenges such as insufficient spatial resolution, limited access to validation data, 

algorithmic misclassification, and inadequate local calibration raise concerns not only 

about technical reliability but also about the broader implications for data justice. When 

predictive tools produce faulty or incomplete environmental assessments, this can 

directly impact decision-making, program eligibility, and payment calculations for 

landowners and producers, potentially leading to misrepresentation or exclusion. This 

raises important questions regarding how the consequences of a data-driven system 

manifest when it fails to reflect on-the-ground realities. Who bears the consequences of 

such inaccuracies, and who remains accountable? In data-driven PES, where the data 

itself becomes the foundation for participation and compensation, these technical 

imperfections are not minor glitches; they carry significant social and economic weight. 

This study builds on these insights to explore how farmers perceive and navigate these 

challenges within the evolving landscape of data-driven PES. 

2.1.2. Data governance in the context of PES  

Data governance is defined as the power relations among all actors involved in 

accessing, controlling, sharing, and using data, including how value is created and 

distributed through socio-technical arrangements (Micheli et al., 2020). More 

specifically, according to Ghosh (2023), data governance in environmental systems must 

be understood not only as a technical system of accountability but also as a social and 

political process, as the power dynamics among corporations, governments, and local 

communities shape how data is collected, interpreted, and used.  
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The UNDP (2024) reported that digital PES systems lack interoperability and 

integration, undermining both efficiency and scalability. The report highlights that many 

PES initiatives were built on fragmented digital architectures, where tools for community 

data collection, ecosystem monitoring, and payment processing were developed in 

isolation. This siloed structure, in which systems operate independently without the 

ability to communicate or share data, has led to duplicated data entry, operational 

inefficiencies, and limited real-time information exchange, ultimately constraining the 

evaluation and scaling of PES programs effectively. Similar concerns are echoed in the 

broader digital agriculture literature. Wolfert et al. (2017) observe that many smart 

farming platforms have historically suffered from poor interoperability due to proprietary 

data formats and closed infrastructures, inhibiting seamless integration across tools and 

institutions. This has resulted in fragmented data ecosystems that increase administrative 

burdens while eroding transparency, consistency, and trust in system outputs. Ruder 

(2023) further critiques how corporate-controlled platforms are often designed as 

vertically integrated, closed systems that deliberately restrict interoperability, reinforcing 

siloed environments and exacerbating power asymmetries. This limits users’ ability to 

transfer or access their own data across platforms, raising critical concerns about 

autonomy, accountability, and equitable data governance. 

The UNDP (2024) report raises significant concerns about data governance in 

digital PES systems, particularly regarding the lack of clear data ownership and informed 

consent protocols. As these systems utilize digital tools to collect sensitive beneficiary 

and land-related information, such as geospatial coordinates and demographic identifiers, 

robust digital public infrastructure, including secure identification systems and consent-
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based data-sharing mechanisms, is essential for managing this information responsibly. 

However, this is currently lacking, leading to governance gaps where data is shared 

without individuals' knowledge or authorization. The report emphasizes that without 

clear, standardized consent procedures, beneficiaries, especially in rural or marginalized 

communities with limited digital literacy, may not understand what data is collected, who 

can access it, or how it will be used, ultimately undermining trust and participation in 

digital PES systems. In these contexts, consent, often presented through complex 

agreements or pre-checked boxes, appears superficial and ineffective, leaving users with 

minimal control over their data. Wiseman et al. (2019) revealed that many farmers are 

unaware that using digital technologies, such as activating machinery or downloading an 

app, often entails legal consent to complex and extensive data-sharing agreements. 

Similarly, the study participants pointed out that the terms embedded in software license 

agreements provided by agritech companies were rarely discussed at the point of sale and 

were often written in inaccessible legal language, rendering the consent process symbolic 

and non-negotiable, leaving farmers with little control over how their data is accessed, 

used, or shared.  

Another concern regarding data governance, as noted in the UNDP (2024) report, 

is the concentration of control within digital PES platforms. These platforms are often 

managed by central institutions or private companies that lack sufficient input or 

oversight from stakeholders. They typically establish key elements, such as eligibility 

criteria, monitoring indicators, and payment rules, through complex systems that are not 

easily accessible to users. The report states that the imbalance of decision-making power 

at the structural level of data-driven PES systems might exacerbate existing inequalities, 
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particularly for smallholders, indigenous groups, and digitally marginalized communities 

with limited access to or influence over these systems. Hackfort (2021), writing more 

broadly about digital governance in the agricultural sector, raises similar concerns. The 

author highlights how corporate actors often shape digital infrastructures in ways that 

prioritize commercial interests and limit farmers’ autonomy. Similar to what the UNDP 

report states about data-driven PES systems, these systems are also typically built without 

the input of those most affected, positioning farmers as passive data sources rather than 

active participants. As a result, users are locked into systems they cannot easily 

understand, challenge, or exit, reinforcing dependencies and reducing local control. To 

address this, the UNDP (2024) report calls for inclusive platform governance, 

encouraging the active involvement of local users in designing and managing digital 

tools. Both sources emphasize that participatory design approaches are essential to ensure 

digital PES systems are efficient, fair, transparent, and accountable to the communities 

they serve. 

These concerns highlight the necessity of examining data governance in digital 

PES systems through a justice lens, particularly as power over data becomes increasingly 

concentrated among a few actors. While existing literature identifies technical and 

institutional challenges, there is limited insight into how producers experience these 

dynamics, especially concerning fairness, access, and control. This study addresses that 

gap by exploring how farmers view data-driven PES systems from the standpoint of 

procedural, distributive, and instrumental data justice. 
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2.1.3. Data Justice  

“Data justice is the primary ethical standard by which data-related resources, 

processes, and structures are evaluated,” Johnson (2016, p. 2). While there is growing 

attention to data justice in digital agriculture, its application in the context of PES 

remains limited. To address this gap, the study adopts the “different theories of justice” 

framework proposed by Heeks and Renken (2016), drawing from Stumpf et al. (2016) to 

conceptualize justice as multidimensional. This framework incorporates three 

dimensions: procedural, distributive, and instrumental data justice, originally defined by 

Johnson (2016).  

One of the studies that utilizes this framework is Fezzigna et al. (2025), which 

examines how drought-related Extreme Event Attribution (EEA) research is unevenly 

distributed across the world. Their study shows that most EEA research is conducted in 

high-income, data-rich countries, while many low-income countries that are highly 

affected by drought, particularly in Sub-Saharan Africa and Central America, are 

overlooked. This creates an imbalance in how scientific evidence is used to support 

global climate funding and policy. 

From a procedural justice perspective, the study showed that many vulnerable 

countries lack the infrastructure to collect and manage climate data, which makes it more 

difficult for them to participate in global research. In terms of distributive justice, the 

benefits of EEA research, such as visibility and access to climate finance, are not shared 

equally, leaving out those who may need it the most. Instrumental justice is also at risk, 

as data is being used to make decisions that do not reflect the realities of the most 

drought-affected communities. The authors warn that without addressing these justice 
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concerns, the current system may unintentionally widen global inequalities in climate 

response and funding. 

This study employs Heeks and Renken’s (2016) “different theories of justice” to 

evaluate the fairness of data collection, governance, and usage within digital PES 

systems. According to Johnson (2016), procedural data justice is about ensuring fairness 

and transparency in data management and governance. In this context, it raises questions 

about whether farmers and landowners are involved in decisions regarding how data 

about their land is gathered and used. Are farmers informed about how this data will 

affect payments? Is there consent regarding the methods and objectives of data collection, 

and do farmers have the chance to question or contest how their data is used?  

Distributive data justice emphasizes the equitable sharing of data's benefits and 

drawbacks (Johnson, 2016). For instance, in the realm of data-driven PES, which 

compensates farmers for the environmental services provided by their land, including 

carbon sequestration, distributive justice plays a vital role in ensuring that all farmers, 

regardless of land size, have fair access to the program, with payments distributed justly. 

It also investigates whether smallholder farmers encounter greater challenges due to the 

expenses associated with meeting data collection demands, like installing sensors or 

submitting reports.  

Instrumental data justice refers to the fair use of data to achieve just outcomes 

(Johnson, 2016). It emphasizes how data is utilized to attain fair and beneficial results. 

This means ensuring that, in the context of data-driven PES, models and data-driven tools 

accurately assess environmental contributions and lead to equitable compensation in PES 

programs. Instrumental justice questions whether the data is achieving its intended 
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purpose, rewarding farmers appropriately based on the actual value of their land 

stewardship. 

3.1. Methods  

This research was part of a broader study that adopted a Living Lab 

methodological approach, providing a collaborative space for researchers, farmers (end 

users), and technology developers to co-create digital agri-tech solutions (Gardezi et al., 

2024). The Living Lab approach included five main activities: (a) conducting surveys and 

structured interviews with farmers to capture their lived experiences with digital 

agricultural technologies; (b) gathering and analyzing spatial and ground-level data to 

inform design; (c) facilitating workshops with diverse stakeholders to collaboratively 

shape technological tools; (d) engaging in outreach and knowledge sharing with the 

farming community. This paper focuses specifically on the structured interviews 

conducted with farmers to explore their perceptions of fairness, trust, and participation in 

the context of data-driven PES.  

3.1.1. Study region  

The study region included three states in the USA: Vermont, Virginia, and South 

Dakota and the target population of this study were farmers. The farming community in 

these three U.S. states showcases diverse farming systems and workforce structures. In 

South Dakota (SD), medium to large-scale farms cover around 500–10,000 acres, while 

Vermont (VT) and Virginia (VA) farmers mostly had small to medium-scale farms 

ranging from about 15 to 150 acres. Each state also produces a wide variety of 

agricultural goods. In SD, key products include corn, soybeans, wheat, livestock, and 

ethanol (Joshi et al., 2019). Vermont specializes in niche products such as dairy, hay, and 
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maple syrup. Virginia stands out as one of the most diverse agricultural producers 

nationwide, ranking in the top 10 for commodities like leaf tobacco (third) and peanuts 

(ninth) (VA Agriculture, 2019). In terms of employment, the agriculture sector provides 

30%, 3.6%, and 9% of all jobs in SD, VA, and VT, respectively (USDA, 2022; NOFA 

Vermont, 2022; VA Agriculture, 2019; USDA, 2012). Both SD and VT rank among the 

top 15 states most reliant on agriculture for their economies (Farm Bureau, 2019).  

3.1.2. Data collection  

The qualitative data were gathered from the farmers by conducting one-on-one, 

in-depth, structured interviews. Through the interview, we explored farmers’ lived 

experiences and perspectives on issues like trust, usefulness, and reliability of digital 

technologies and models used in the agricultural domain and their approach toward 

adapting farm practices under economic and environmental pressures. This paper focuses 

on a specific portion of the whole interview: farmers’ lived experiences and perceptions 

of the data-driven aspect of the payment for ecosystem services. More specifically, their 

thoughts towards the reliability of the models and use of data in the context of PES. The 

interviews were recorded and later transcribed for analysis. The research team followed 

the Institutional Review Board (IRB) protocol at every step of the data collection process, 

including gaining informed consent from the participants to take part in the study and to 

use their interview for research and academic publication purposes, storing data in a 

password-protected computer and maintaining the anonymity of the participants 

throughout the research process.   
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3.1.3. Sampling strategies  

Farmers were recruited through both new and established collaboration networks. 

A flyer was sent to the potential participants that described the project title, a brief 

description, and contact details for whom to contact if they are interested in participating. 

A total of 33 farmers across the three states agreed to participate in the study, and that 

included a balanced mix across age, education level, technological familiarity and 

literacy, farm size, and levels of adoption of PA tools. Also, they were from diverse 

backgrounds, producing various crops (including corn, soybeans, alfalfa, and hay), and/or 

livestock for meat or for dairy.   

3.1.4. Analytical approach  

The research team employed a two-step qualitative data analysis approach to 

explore how data justice concerns are manifested in the context of data-driven PES. 

Participants' interviews that captured their lived experience and perspective about data-

driven PES were recorded and transcribed. Then, we first conducted inductive coding of 

interview data to identify core concerns expressed by participants related to data-driven 

PES. Interview transcripts were analyzed using a whole-text reading strategy at the 

sentence level, followed by a line-by-line coding process to assess the relevance of 

participants' responses to the central research questions. Interview transcripts were first 

read thoroughly and analyzed at the sentence level, followed by a line-by-line open 

coding process to identify recurrent patterns, concerns, and insights. These initial codes 

were compiled and refined into a codebook (See Appendix 1 for more details), which 

documented the code labels, inclusion criteria and illustrative participant quotes. The 

codebook was iteratively developed and revised during the analysis process. Related 
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codes were then organized into sub-themes using axial coding, which helped identify 

conceptual connections and patterns across the dataset. While axial coding was originally 

developed within the context of grounded theory, this study adopts Saldaña’s (2016) 

broader use of the method to meaningfully cluster and reorganize codes within a thematic 

analysis framework. These sub-themes were further refined and grouped into overarching 

themes that captured the key concerns expressed by participants (See Appendix 2 for 

more details). This multi-stage coding process was guided by established approaches to 

thematic analysis, which provide a structured means of organizing and interpreting 

qualitative data (Braun & Clarke, 2006; Saldaña, 2016).  

 For example, quotations like, “Collecting all this data costs money. If you’re a 

bigger operation, you can afford it. But for a smaller farmer like me, it’s not realistic,” 

were initially coded as “agency,” “bias,” and “system design” (see Appendix 1 for code 

inclusion criteria). Next, these codes were grouped together to form axial coding titled 

“Unequal Access Due to Scale.” The axial codes were then placed under the broader 

theme of “Systemic Inequities in Data-Driven PES.” 

After the final themes were developed, a second-level interpretive analysis was 

conducted. At this stage, a deductive coding approach was applied using the framework 

of “different theories of data justice” proposed by Heeks and Renken (2016), which 

includes instrumental, procedural, and distributive dimensions (Johnson, 2016). These 

three dimensions were used as pre-defined codes to analyze how farmers' narratives 

reflected distinct data justice concerns within the context of data-driven PES systems. For 

example, the theme “Challenges Around Accuracy of Data-Driven PES” included issues 

such as “inequitable reward structure” and “arbitrary compensation,” which were 
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categorized under distributive data justice. This stage allowed the analysis to move 

beyond surface-level concerns to examine how participants' experiences intersect with 

broader justice-related frameworks in digital environmental governance. 

3.1.5. Limitations of the method  

This qualitative inquiry includes the perspectives of only 33 farmers across the states of 

Virginia, Vermont, and South Dakota. Therefore, findings cannot be generalized.   

4.1. Results  

This section explores the themes that emerged from analyzing participants' 

responses related to their lived experiences and perceptions regarding data-driven PES 

programs, helping to investigate data justice in the data-driven PES context as we 

specifically seek to answer how farmers’ perceptions of data-driven PES programs reflect 

concerns related to data justice. We grouped the responses into four themes: transparency 

in data-driven PES, challenges in the accuracy of data-driven PES models, institutional 

influence and governance around data-driven PES, and systemic inequities surrounding 

data-driven PES. Overall, the themes highlighted a complex interplay of trust, fairness, 

and accessibility issues.  

4.1.1 Transparency in data-driven digital PES  

One significant concern among the respondents was the lack of transparency in 

data-driven PES systems, particularly regarding how their data would be used. Although 

formal consent was often secured, participants emphasized that consent without 

comprehension held limited significance. As a participant explained, “Most farmers don’t 

really understand how their data is going to be used. If someone took the time to explain 

it in plain language... it would make a huge difference.” Respondents also noted that 
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farmers were more willing to share data when they clearly understood its purpose and 

use. This shift in attitude illustrates how transparency and comprehension of how farmers' 

data will be used can foster trust, encouraging data sharing. Conversely, the lack of 

informed consent, beyond being a procedural data justice concern (as farmers are 

excluded from making informed decisions), increases farmers' skepticism towards data 

sharing.    

Participants also emphasized the importance of clarity in communication 

regarding data security protocols. A farmer noted, “I need to know that the information 

exchange is protected.” Uncertainty about how sensitive information is safeguarded—

particularly in light of threats like hacking or misuse—heightened concerns about trusting 

the system. The lack of transparent and accountable security measures indicates 

procedural injustice, as farmers are asked to share data without being adequately 

informed about how their information will be protected. 

Finally, many farmers expressed skepticism about AI-driven PES systems, citing 

the complexity of the models and their disconnect from the practical realities of everyday 

farming. While they did not expect to fully understand the underlying algorithms, farmers 

struggled to interpret model outputs, which were often overly technical and lacked clear, 

actionable guidance. As one farmer remarked, “Personally, I think simpler is better… if it 

involves multiple calculations to adjust carbon levels, it becomes overwhelming and too 

much work.” These usability challenges reflect instrumental data injustice, creating 

barriers rather than supporting real-world, context-specific decision-making.  
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4.1.2. Challenges in the Accuracy of digital PES models  

A key concern among respondents was the lack of accuracy in PES models in 

capturing and assessing farm-level sustainability efforts. Participants reported that the 

models often failed to reflect the environmental impact of different practices, leading to 

outputs that resulted in arbitrary and inconsistent compensation. One South Dakota 

farmer noted, “The guy across the street from me... is receiving the same payments I am. 

For me, it’s essentially free money. But this model doesn’t make much sense.” This not 

only raises concerns about distributive data justice, where benefits are not fairly 

allocated, but also about instrumental justice, as the model fails to generate outputs that 

accurately measure differences in farm practices. In this context, another South Dakota 

farmer described how a local ethanol company shifted from a performance-based model 

to a flat rate, explaining, “I checked all the boxes… Then they said, ‘We really don't 

know what to do. So we’re just going to pay everyone $16 flat.’” Such changes, 

according to the participants, increased skepticism about the model's credibility and the 

competence of those implementing it, reinforcing concerns around instrumental and 

procedural justice, respectively.   

Participants expressed skepticism about the ability of PES models to detect long-

term environmental changes, such as shifts in soil carbon, and sudden weather events like 

droughts, heavy rainfall, and cold snaps. These limitations compromise the accuracy of 

the models and hinder farmers’ ability to make informed conservation decisions, raising 

concerns about instrumental data justice. As one South Dakota farmer noted, "Some of 

the models used to calculate carbon and similar factors are directionally correct, but they 
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struggle with in-season accuracy. They often fail to account for specific events... which 

can significantly affect crop growth in a given year." 

Participants noted that data-driven PES models often make predictions by 

extrapolating from small sample sizes, leading to inaccurate and unreliable environmental 

assessments and predictions. A South Dakota farmer remarked, “You can't take one or 

two samples to show that... I made a difference. The next time they take one or two 

samples, that could show the opposite.” Farmers criticized the practice of pooling data 

across producers while sampling only a fraction of fields, arguing that it distorts 

environmental outcomes, undermines the purpose of PES programs, and amounts to what 

one participant called “garbage science.” These concerns highlight instrumental data 

justice issues, as the lack of sufficient, representative data undermines the model’s 

predictive accuracy and its ability to facilitate meaningful decision-making.   

Another common critique, as reflected in this study’s findings, was the lack of 

site-specific recommendations from the data-driven PES model. A Virginia farmer noted, 

“They recommend cover cropping, but they don’t specify that you need an established 

cover crop of six inches,” illustrating how generalized outputs fail to meet users' 

expectations for specific recommendations. Another farmer mentioned that they preferred 

live metrics, which allowed them to “see exactly what’s happening” in specific sections 

of their fields, offering more reliable, localized insights than model-based 

recommendations. These concerns highlight instrumental data justice issues, as models 

that lack specificity limit farmers’ ability to make informed, context-sensitive decisions.  

Finally, participants raised concerns about the scaling limitations of PES models, 

noting challenges in both downscaling broad models to individual farm contexts and 
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upscaling results from small plots or lab settings to real-world conditions. It was noted 

that while the data-driven PES models performed well at statewide or watershed levels, 

precision dropped significantly at the field level. A farmer remarked, “We can model 

things... but when you extrapolate that to a larger scenario, it's like, Whoa, I don't know. I 

become doubtful.” Others noted that models tested in controlled environments often fail 

when applied to working farms. As one participant put it, “The models work fine in a lab, 

but when you apply them here, they miss the details that actually matter.” These 

challenges reflect instrumental data justice concerns, as models that cannot scale 

appropriately fail to provide accurate or actionable guidance for farmers.   

4.1.3 Institutional influence and governance around data-driven digital PES  

Participants perceived that profit-driven corporations often prioritize financial 

gain over ensuring accuracy, fairness, and transparency in the implementation of PES 

programs. They expressed increasing concern about the growing number of such entities 

involved in designing and operationalizing PES models and frameworks. As one Virginia 

farmer noted, “The fact that all of these machine learning models are coming from 

private corporations… has me a little bit concerned because it means that the models will 

always be forced to turn a profit in some way.” Others questioned whether corporate-

developed tools could truly serve farmers’ interests. “If Google has an AI precision Ag 

model…, is it recommending what’s best for my farm, or what benefits Google?” one 

participant asked. Concerns were also raised about potential data manipulation for 

economic gain, as one participant highlighted, “People tend to skew data to benefit, you 

know, economics.” These reflections highlight both procedural and distributive data 

justice issues, as participants questioned who controls model development and whose 
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interests are being served. One farmer summarized this unease by asking, “Who’s 

creating it? Who’s trying to lean it, to whose direction?” In contrast, participants 

expressed a clear preference for PES models developed by public institutions, such as the 

federal government, land-grant universities, or extension services, which were viewed as 

more neutral and accountable. “It’d be great if the federal government got involved in 

creating models that serve the public,” one respondent said, emphasizing the importance 

of designing data systems that prioritize the public good over corporate interests.  

Participants also pointed out the apparent inconsistency in standardized 

measurement frameworks for data-driven digital PES programs, which vary across 

different types of institutional governance. They characterized government-led data-

driven digital PES programs as more rigid, with formal contracts and rules, compared to 

the more flexible market-based approaches that allow for better data sharing and use. 

However, the inconsistency in measurement standards, data requirements, and 

participation criteria across PES programs has left farmers feeling uncertain about 

navigating fluctuating expectations. As one participant noted, “Different people are 

experimenting with both approaches… but right now, things are still uncertain, and the 

numbers are all over the place.” Another participant remarked, “You have to be on the 

same playing field, the same baseline, tracking it the same way.” These concerns 

highlight procedural justice issues, as the absence of a cohesive framework leads to 

unequal and ambiguous conditions for farmer participation.  

4.1.4 Systemic Inequities in Data-Driven digital PES systems  

Participants highlighted the “economy of scale” that influences their access to 

participation in the data-driven digital PES program. Larger farms generally have the 
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staff and infrastructure to manage compliance and reporting demands, while smallholders 

encounter significant challenges. As one participant noted, “I don’t have the time or 

manpower to keep up with all this paperwork they’re asking for. Bigger farms have staff 

to handle this; I don’t.” Others emphasized that the burden of generating and reporting 

data is unevenly distributed across different farm sizes. While modeled data may be 

relatively inexpensive to produce, collecting actual on-farm data, what one respondent 

called “life bar” metrics, is often prohibitively costly or logistically complex for smaller 

producers. “Collecting all this data costs money. If you’re a bigger operation, you can 

afford it. But for a smaller farmer like me, it’s not realistic,” one participant explained. 

These reflections highlight concerns about procedural data justice, as the design of data 

governance fails to consider farmers’ varying levels of agency, including time, labor, and 

financial capacity, thereby making participation more accessible to some than to others. 

Simultaneously, they reveal issues of distributive data justice, as the unequal ability to 

comply with procedural requirements leads to unequal access to the benefits of 

participation, reinforcing structural advantages for larger operations.  

Respondents also expressed an awareness of exclusion in how these programs are 

marketed. One participant remarked, “They’re promoting them mostly to big farmers, and 

small farmers are losing out... I think that’s a disparaging statistic.” This illustrates a 

distributive injustice, where institutional focus, program visibility, and promotional 

strategies disproportionately favor large operations. Despite making up most of the 

farming demographic, smallholders are frequently overlooked in outreach efforts and 

underserved by the programs intended to reward conservation-oriented practices.  
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5.1. Discussion  

The complexity of developing effective data-driven agricultural solutions lies at 

the intersection of science, society, and technology. This study reinforces the 

understanding that technological innovation in agriculture is not merely a scientific or 

engineering challenge but a profoundly social one. Participants’ responses in this study 

highlight that data systems are embedded in lived realities shaped by perceptions of trust, 

past experiences of exclusion, and practical barriers to participation (Kaur et al., 2022).  

Participants expressed apprehensions about the lack of transparency in data-

driven digital PES systems, particularly regarding how their data would be used and 

protected. Similar skepticism was reported in a 2016 survey by the American Farm 

Bureau Federation, where nearly 70% of respondents were concerned about the misuse of 

their data by corporations or government agencies, fearing that data could be sold, used 

for marketing, or leveraged to enforce environmental regulations (American Farm 

Bureau, 2016). Echoing this, Stock and Gardezi (2021) found that 84.6% of precision 

agriculture users worried their data might be accessed for regulatory enforcement, and 

65.4% were concerned that corporations could use the data for profit rather than for the 

benefit of producers.  

Ruder (2023) aims to clarify the reasons behind the lack of transparency in data-

driven PES systems, highlighting the prevalent use of complex, overlapping terms of 

service in agricultural data platforms. These agreements often entail third-party data 

sharing and are presented without clear, plain-language explanations, making it 

challenging for users to understand exactly how their data will be utilized or who will 

have access to it. Such practices undermine the potential for meaningful consent and 
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hinder accountability. Echoing that, Wiseman et al. (2019) observed that farmers often 

lack understanding of the terms and conditions governing their data, which are typically 

embedded in legalistic “clickwrap” agreements. Although these contracts may satisfy 

formal legal requirements, they frequently fall short of providing users with clear insights 

into how their data is collected, used, or shared, perpetuating a broader sense of 

confusion and mistrust in data-driven agriculture. These trends closely reflect 

participants' experiences in this study, where they reported rarely receiving clear 

information about data usage and expressed uncertainty and mistrust regarding how their 

data would be managed within digital PES programs. This lack of clarity contributes to 

pervasive confusion and mistrust surrounding data-driven agricultural technologies. 

Furthermore, many data platforms feature broad disclaimers and liability waivers that 

prioritize corporate interests while shifting responsibility to users (Ruder, 2023).  

Participants noted that the outputs from data-driven digital PES models were 

often overly complex and challenging to interpret, leaving them unsure about how to 

implement the recommendations in practice. This challenge highlights a broader issue in 

digital agriculture: the unequal access to the skills and knowledge necessary to engage 

meaningfully with emerging technologies. As Carolan (2020) points out, even when data 

systems are open and legally accessible, many producers lack the capacity to interpret 

and apply this information effectively. This gap is largely due to limited digital literacy, 

as well as constraints related to time, finances, and training. Clark et al. (2018) further 

emphasize that foundational digital literacy involves more than basic access; it 

encompasses understanding how to work with system-generated data and performing 

long-term, in-field monitoring tasks that remain unavailable to many participants. 
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Participants expressed frustration with the accuracy of PES models, noting that 

the outputs often fail to reflect real-world agricultural conditions and provide overly 

generic recommendations. These issues are frequently attributed to the use of narrow or 

insufficient datasets in model development, which do not capture the ecological and 

contextual diversity across agricultural systems. Similar concerns were raised by Kephe, 

Ayisi, and Petja (2021), who emphasized that crop models require a comprehensive range 

of input data, such as climatic, soil, location-specific, and management-related 

information. Yet, this data is often missing, incomplete, or poorly formatted for modeling 

purposes. Motha (1997) also highlighted ongoing gaps in data on root systems and soil 

characteristics, along with challenges caused by faulty equipment and the lack of climate 

stations. These issues are further compounded at broader geographic scales, where 

regional calibration becomes crucial (Folberth et al., 2016). Likewise, Earth System 

Models (ESMs), which simulate how natural processes and human activities affect the 

Earth, struggle with accuracy when essential land management data, such as grazing or 

mowing practices, are absent (Pongratz et al., 2018). 

One possible reason for this data limitation may be farmers’ hesitation to share 

information due to concerns about how their data will be used, protected, or exploited. As 

Wiseman et al. (2019) highlight, farmers frequently withhold data because of unclear 

ownership rights, complex licensing terms, and the lack of benefit-sharing mechanisms. 

Bronson and Knezevic (2016) similarly note that when trust in data governance is low, 

farmers are less inclined to contribute data, leading to gaps in the datasets available for 

modeling. This reluctance to share data, rooted in concerns over transparency and 
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control, may ultimately reduce the accuracy and adaptability of PES tools, reinforcing a 

cycle of disengagement and distrust. 

Participants observed that digital PES models often struggled with scalability, 

producing inaccurate predictions when applied to specific farms or becoming too generic 

when scaled across diverse regions. The scalability issue might be since many 

agricultural digital tools are designed with a “one-size-fits-all” logic that fails to account 

for key differences in land size, infrastructure, labor availability, and digital capacity. 

Mnukwa, Mdoda, and Mudhara (2025) stress that unless digital systems are adapted to 

these contextual differences, their adoption will remain limited, particularly among 

smallholders. Reiss-Woolever et al. (2025) similarly highlight pushback against 

standardized sustainability solutions that do not align with on-the-ground realities. 

Supporting this, Gaylord (2025) finds that technology uptake varies depending not just on 

cost but also on operational scale and digital readiness. Together, these studies point to 

the need for context-sensitive, socially responsive innovations, especially in PES 

programs, if they are to support equitable participation and meaningful long-term impact. 

Respondents expressed deep skepticism regarding private-sector control over PES 

models, voicing concerns about profit-driven design, data manipulation, and a general 

mistrust of corporate intentions. These perceptions reflect broader critiques of power 

asymmetries within digital agricultural systems. As highlighted by Carolan (2020b); 

Ruder (2023), and Sadowski (2020), as farmers continue to adopt precision agriculture 

tools, even with reservations, they gradually internalize algorithmic recommendations 

that prioritize institutional or corporate interests over their own. This passive compliance 

reinforces a top-down governance structure, where digital systems subtly yet powerfully 
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shape participants' decisions and actions. Jefferson (2017) and Rose-Redwood (2006) 

further contextualize this by noting that geospatial and algorithmic technologies have 

historically functioned as instruments of control, constructing “governable subjects” 

whose behaviors are tracked and managed through data. Gardezi and Stock (2021) build 

on this argument by describing how these dynamics are embedded in a broader political 

economy of agri-tech, where digital technologies, under the facade of innovation, tend to 

reproduce existing inequalities and diminish farmers’ ability to influence the 

development of data-driven agriculture. 

Participants expressed concerns regarding the inconsistent standards for data 

monitoring and participation criteria across digital PES programs. They highlighted 

challenges such as confusion over shifting expectations, vague participation rules, and 

uneven monitoring. Without clearly defined standards, farmers must navigate complex 

systems with minimal guidance or recourse, raising significant issues about procedural 

fairness and equitable participation in data-driven PES programs. Similarly, a UNDP 

report (2024) emphasizes the lack of standardized data collection and monitoring 

practices, noting that these concerns likely stem from broader structural challenges in 

data governance in agriculture, such as poor interoperability across digital platforms and 

the absence of unified metrics for assessing environmental and social outcomes. As a 

result, data collection, monitoring, and payment processes frequently operate in silos 

without shared protocols, leading to fragmented digital architectures. Likewise, Kaur et 

al. (2022) describe precision agriculture as operating within a patchwork of inconsistent 

legal and regulatory standards, complicating the establishment of cohesive monitoring 

and governance frameworks. These broader structural challenges help clarify the 
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inconsistencies participants face, as institutions have yet to develop digital PES models 

with clear and consistent standards that are flexible enough to accommodate diverse 

contexts. 

Respondents highlighted that data-driven digital PES programs tend to create 

inequities by favoring larger agricultural operations. They noted that smaller producers 

often lack the time, labor, and financial resources needed to meet participation demands, 

especially when generating usable data. Consequently, the benefits of these programs are 

unevenly distributed, with many smallholders either excluded or discouraged from 

participating. Additionally, participants observed that program outreach and visibility 

often focus on more prominent operations, leaving smaller farms overlooked. These 

observations align with Thompson et al. (2021), who point out that most farm data 

systems and analytical tools are developed around corn and soybean production—

monoculture crops that represent large-scale, capital-intensive agriculture—creating 

structural bias in the design and applicability of digital tools. Fraser (2019) similarly 

argues that digital agriculture reflects green revolution-era patterns by favoring large 

producers who can afford the high costs and technical complexity of precision 

technologies. Rotz et al. (2019) emphasize that smallholders are increasingly expected to 

act as "data laborers," contributing valuable information to digital systems without 

equitable access to the tools, insights, or economic benefits those systems generate. 

A likely cause of these inequities lies in how digital tools and algorithms are 

developed. Gardezi et al. (2022) note that many models are trained on datasets from 

large, uniform farms, which makes their outputs poorly suited to small, heterogeneous 

farming systems. Hackfort (2021) further explains that digital agriculture is shaped by a 
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“productivist strategy” that emphasizes efficiency, scalability, and output—priorities that 

align more closely with industrial agriculture. As a result, tools are often designed to 

meet the needs of large-scale users who can provide standardized, high-volume data. This 

design logic excludes the context-specific knowledge and practices of smallholders, 

placing them at a disadvantage in both tool adoption and policy inclusion. These patterns 

reveal how economically motivated design choices can reproduce and deepen inequalities 

in agri-environmental programs like data-driven PES. 

6.1. Conclusion 

This study aims to explore how farmers’ perceptions of digital PES programs 

reflect concerns related to data justice. Through four thematic areas, we found evidence 

of all three dimensions of data justice, procedural, distributive, and instrumental, 

interwoven throughout the system’s design and implementation.  

Procedural data justice, in the context of digital PES systems, refers to the fairness 

and transparency of processes that govern how participants' data is collected, shared, and 

managed, and the degree to which participants are meaningfully involved in decisions 

about their data. Respondents described being asked to consent to data use agreements 

that were difficult to comprehend and often lacked clear explanations of how their data 

would be protected or used. While formal consent was frequently obtained, the absence 

of accessible language and meaningful engagement in decision-making led to feelings of 

exclusion and mistrust. Participants also expressed discomfort with the increasing role of 

private, for-profit entities in shaping data governance, raising concerns that these systems 

prioritize commercial interests over transparency and accountability. Furthermore, the 

lack of standardized participation criteria and evaluation metrics across digital PES 
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programs introduced additional procedural challenges, especially for those facing unclear 

or inconsistent expectations. These concerns highlight the need for more inclusive 

processes that allow participants to engage meaningfully, understand the implications of 

data use, and trust that their interests are represented.  

In this context, distributive data justice concerns the fair distribution of the 

burdens and benefits associated with data-driven digital PES systems, particularly how 

access to participation and program rewards is influenced by differences in scale, 

capacity, and visibility. While participants reflected on the implementation of digital PES 

programs, it was noted that program requirements and expectations often aligned more 

closely with the capacities of larger operations, which typically have greater access to 

labor, technical infrastructure, and financial resources. In contrast, smaller operations 

faced significant challenges in managing reporting obligations and meeting 

administrative requirements, resulting in limited access to participation and benefits. 

Several participants observed that outreach and promotional efforts seemed to 

disproportionately target larger producers, leaving many smaller producers feeling 

excluded or overlooked. These dynamics contribute to an unequal distribution of both 

burdens and benefits, reinforcing existing structural advantages. Addressing these 

concerns requires attention not only to how data is used, but also to who has the capacity 

to participate and how program design can better support inclusion across different scales 

of production.  

Instrumental data justice in data-driven digital PES systems pertains to the degree 

to which digital tools and models yield accurate, relevant, and usable outputs that 

facilitate effective decision-making across various agricultural contexts. While 
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participants discussed the application of data in digital PES programs and its implications 

for meaningful and useful outcomes, many described PES model outputs as overly 

generalized, technically complex, and inadequately tailored to their specific situations. 

Limited or non-representative datasets were perceived as undermining model accuracy, 

and pooled or extrapolated data raised concerns regarding the credibility of assessments. 

Participants also highlighted challenges in how models accounted for site-specific 

variability or reacted to environmental events such as droughts or extreme temperatures. 

The lack of actionable, localized recommendations further diminished the perceived 

value of the tools. These issues underscore a broader necessity for digital systems that are 

rooted in real-world conditions, capable of adapting to diverse agroecological contexts, 

and supportive of decision-making processes that are both relevant and practical. 

Enhancing instrumental data justice involves ensuring that technologies utilized in PES 

systems provide information that participants can readily interpret and apply effectively 

within their own management environments.  

Technology developers must recognize that they are not only engaged in building 

scientific tools and systems, which in themselves require ongoing refinement, but also 

working within a profoundly human context, aiming to bridge the gap between social and 

natural sciences. This includes navigating farmers' rights, preferences, capacities, and 

lived experiences. Understanding this dual complexity of both technological and social 

systems is central to the success of data-driven agricultural initiatives. Therefore, 

acknowledging this interplay is the first step toward developing scientifically robust and 

socially responsive tools.  
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7.1. Recommendations 

This study explored farmers’ perceptions of data-driven digital PES systems through 

the lens of data justice, identifying widespread concerns across all three dimensions: 

procedural, distributive, and instrumental. Farmers voiced apprehensions about lack of 

transparency, model accuracy, governance inconsistencies, and systemic barriers to 

participation. These insights point toward the need for a more democratic and context-

sensitive digital infrastructure. Three interconnected recommendations offered are listed 

below.  

1. Institutionalize Participatory Design in Digital PES Development 

To address the issues of instrumental justice and usability revealed in this study, digital 

PES tools could benefit from being designed collaboratively with farmers and local 

stakeholders. Such collaboration may help tools better reflect local knowledge, farm 

variability, and decision-making realities. The findings suggest that top-down approaches 

may limit contextual relevance, which in turn can contribute to user skepticism and 

reduce the effectiveness of conservation efforts. Drawing on Jasanoff's (2004) concept of 

knowledge co-production, expanded by Gardezi et al. (2022) in the digital agriculture 

context, this study emphasizes that technologies and social systems are co-created. Thus, 

integrating farmers’ experiential knowledge into data inputs and the basic logics behind 

data-driven digital PES systems is crucial. The study recommends Participatory Action 

Research (PAR) and the Living Lab approach for developing digital PES systems and 

tools. PAR offers a framework that embeds co-production into design through iterative 

engagement and context-sensitive learning (Bradbury & Reason, 2003). Similarly, Living 

Lab methodologies create structured, real-world settings where farmers, developers, and 
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researchers collaboratively create tools through sustained interaction and feedback 

(Gardezi et al., 2024). These methods enable technology developers to engage in 

normative reflection on the tech development process. As Bronson (2019) states, 

technology providers must be accountable for social and political repercussions, 

prompting inquiries into why certain data are collected, who benefits from innovations, 

and whether the tools reinforce or disrupt power asymmetries. By fostering “upstream” 

ethical engagement (Stilgoe et al., 2013), PAR and Living Labs can enhance the 

likelihood that digital PES tools are technically robust, socially legitimate, transparent, 

inclusive, and aligned with justice and responsible innovation objectives. 

2. Establish Participatory Digital Governance for Data-Driven PES 

To address concerns regarding procedural and distributive justice, this study proposes 

implementing participatory digital governance structures that actively involve farmers, 

particularly smallholders and marginalized producers, in the design and management of 

data-driven PES platforms. The United Nations Development Programme (2024) and 

Jouanjean et al. (2020) emphasize the importance of inclusive governance models to 

ensure that data infrastructures empower data generators rather than perpetuate power 

asymmetries. Participatory digital governance (PDG) frameworks can facilitate this 

transition by providing a collaborative decision-making platform and fostering ongoing 

user engagement. These frameworks promote digital capacity building by providing 

farmers with digital literacy, where they can see how data is stored, shared, and utilized 

in the digital decision-making process, which in turn might promote trust and informed 

participation of farmers in complex agri-environmental programs (UNDP, 2024). 

Examples such as Farm Hack, FarmOS, and the Three Rivers Farm Alliance illustrate 
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how participatory governance can be practically enacted. These community-driven, open-

source platforms enable farmers to bypass proprietary systems, retain control over their 

data, and collaborate directly with developers (Duncan, 2018; Pearson, 2024; Rotz et al., 

2019). In particular, FarmOS offers a scalable and customizable digital infrastructure that 

can be tailored to diverse farming contexts. Developed through collaborative efforts, it 

promotes both data ownership and autonomy (Pearson, 2024) while addressing scalability 

challenges often overlooked in systems designed primarily for large-scale operations 

(Rotz et al., 2019). 

3. Develop Legal and Policy Frameworks for Just Agricultural Data Governance 

To ensure long-term accountability and fairness in digital PES systems, 

participatory governance efforts must be supported by robust legal and policy 

frameworks that protect farmers’ rights in the data economy. Findings from this study 

reveal that farmers face considerable uncertainty regarding data consent, ownership, and 

control, particularly when personal farm-level data is aggregated with non-personal 

environmental data. This lack of legal clarity contributes to procedural and distributive 

injustices, especially for smallholders who often lack the resources to comply with 

complex digital requirements. As de Beer (2016) notes, distinguishing between personal 

and non-personal data is essential to prevent commingling, often resulting in the loss of 

user rights. Without legal protections around privacy, ownership, portability, and 

transparency, digital PES risks reinforcing structural inequalities rather than addressing 

them. Therefore, agricultural data governance must be informed by a data justice 

framework—one that incorporates procedural (who makes decisions), distributive (who 

benefits), and instrumental (how data is used) dimensions (Johnson, 2014; Newman, 
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2015; Taylor, 2017). These frameworks must be adaptable to diverse agricultural 

systems, recognizing that governance needs differ across farm types, regions, and 

practices. Laws and policies should be co-developed with farmer input to reflect on-the-

ground realities and resist one-size-fits-all solutions designed around industrial-scale 

farming. Such integrative, justice-oriented legal reforms have the potential to make 

digital PES systems more transparent, inclusive, and truly accountable. 
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Appendix 1: Codebook of Final Themes, Inclusion Criteria, and Illustrative 

Participant Quotes 

Code Inclusion Criteria Example Quotes 

Accuracy Mentions of the PES model 

accuracy or inaccuracy in 

terms of measurement of the 

parameters and prediction of 

outcome. 

"Maybe on a broader scale, like 

statewide or watershed-specific basis, 

they’re pretty accurate. But if you try 

and go out on the 40-acre field across 

the road, some of the precision isn’t 

quite there.” 

Agency Mentions of financial or time 

availability or unavailability 

that influence participation in 

data-driven PES systems. 

"Collecting all this data costs money. If 

you’re a bigger operation, you can 

afford it. But for a smaller farmer like 

me, it’s not realistic." 

Bias Mentions of PES models 

being not neutral but skewed 

to favor certain actors, 

outcomes, or economic 

interests. 

“The other big issue is like with the 

models that who's creating it? So right, 

in terms of who's trying to lean it, to 

who's direction?” 

Data Handling Mentions of data collection, 

data storage, data processing, 

or data usage by an 

organization or system. 

"Reusing metrics should involve using 

actual farm-based metrics. I don’t feel 

like we always do that. Instead, we 

often rely on hypotheticals and 

modeling rather than real farm data. 
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This affects how data is used to support 

funding applications.” 

Data Security Mentions of data privacy, 

digital vulnerabilities, 

hacking, need for secure data 

protection framework or 

systems. 

“I need to know that the information 

exchange is protected, and that I'm not 

going to be the source of some future 

fraud, or that someone's not going to be 

able to steal the profits that I just 

earned.” 

Effectiveness Mentions of PES models 

usefulness in practice. 

“I prefer live metrics because they 

show exactly what’s happening in a 

specific section of my field, allowing 

me to validate it myself, rather than 

relying on broad, generalized model 

recommendations." 

Environmental 

Variability 

Mentions of perceived 

potential of PES models to 

record diverse environmental 

conditions, variabilities, 

fluctuations, and 

management practices. 

“There might be other variables within 

the field that would not be calculated in 

the model. Maybe they would be. Some 

may or may not account for weather 

changes or pest related incidences.” 

Incentive Mentions of PES-related 

monetary incentives, 

including confusion about 

“I don't understand how you would set 

that market up, who's going to evaluate 

it, where the money's coming from, 
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who funds them, how the 

payments are structured, and 

their perceived ability to 

encourage or sustain 

behavior change among 

farmers. 

who's going to pay for? I don't 

understand any of them have some 

bolts of that. Who's paying for it? The 

public? Is it coming from the federal 

government? Is it coming from taxes? 

Is it from offsets where polluter can 

buy carbon offsets and then keep 

polluting? I don't understand how it 

works. ….” 

Information 

Need 

Mentions of lack of access, 

clarity, transparency, 

consent, understanding, or 

the need for training and 

education. 

“So in order for me to have confidence 

in it, I would have to know how those 

numbers were derived, how much? Is 

carbon is sequestered from not tilling 

soil? I don't know that. I probably 

should, but I don't know who I mean. I 

just take for granted that it's been 

scientifically proven. So I have maybe 

a 75% confidence rating.” 

Institutional 

Influence 

Mentions of preferred and/or 

existing influence of 

organizations (government, 

university, private) in 

shaping the rules, structures, 

"I think, the fact that all of these 

machine learning models are coming 

out of private corporations, for profit 

corporations has me a little bit 

concerned, because it means that the 
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and expectations within data-

driven PES programs. 

models are always going to be forced to 

turn a profit in some way."  

Model 

Complexity 

Mentions of PES models 

being overly technical, 

complex, and difficult to 

interpret or understand. 

“Personally, I think simpler is better. 

When models become too complex, 

they require more effort and discourage 

participation.” 

Participation Mentions of factors that 

encourage or exclude 

farmer’s involvement, 

engagement, or participation 

in the digital PES systems. 

“Personally, I think simpler is better. 

When models become too complex, 

they require more effort and discourage 

participation.” 

Reliability Mentions of perceived 

reliability of data-driven PES 

models to produce or fail to 

produce dependable outputs 

or predictions over time, 

across locations, or in 

varying contexts. 

“And what I worry about is the 

variability in sampling, because you 

can't take one or two samples to show 

that Oh, I made a difference. Because 

what could happen is the next time they 

take one or two samples that could be 

the opposite. You know, the variability 

we look at right?”  

Sample Size Mentions of issues, concerns, 

or preferences about the 

sample size of the data used 

to run PES models. 

“But knowing what I know about that 

company's process for like, pooling 

producers together in a pool and only 

sampling a certain percent of those 
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fields. That's like garbage science.” 

Scalability Mentions of scalability 

issues or preferences related 

to data-driven PES models. 

“We can do small plots and get models. 

But when you extrapolate that to a 

larger scenario, it's like, Whoa, I don't 

know. I become doubtful."  

Site-Specificity Mentions of participants 

desire, or need for localized, 

field-specific information. 

"Some of the models, when applied 

statewide, are fine, but the precision 

isn’t there for my field. The rainfall 

data? Sometimes it’s just not accurate."  

Skepticism Mentions of hesitancy, fear, 

worry, mistrust, doubt, lack 

of confidence, or questioning 

intent or institutional 

motives, or model design. 

"I think it all depends on the model. 

You know, unfortunately, we live in a 

capitalistic society and people tend to 

skew data to benefit, you know, 

economics."  

Standardization Mentions of participants' 

preference for common 

baselines, tracking methods, 

or protocols to ensure 

fairness and comparability 

across data-driven PES 

programs. 

"I guess you have to be on the same 

playing field, the same baseline, 

tracking it the same way."  

System Design Mentions of participants' 

reflections on the overall 

“All the paperwork they are asking for, 

I don’t have the time or the manpower 
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structure, setup, or 

architecture of data-driven 

PES programs 

to keep up with all this paperwork 

they’re asking for. Bigger guys have 

staff to do this, I don’t." 
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Appendix 2: Thematic Framework with Axial and Initial Codes from Participant 

Narratives 

Theme Axial Code Initial Code Example Quotation 

Transparency 

and Accessibility 

issues around 

Data-Driven PES 

Lack of Informed 

Consent in the 

Data Collection 

Process 

skepticism, 

information 

need 

So in order for me to have 

confidence in it, I would have to 

know how those numbers were 

derived, how much? Is carbon is 

sequestered from not tilling 

soil? I don't know that. I 

probably should, but I don't 

know who I mean. I just take 

for granted that it's been 

scientifically proven. So I have 

maybe a 75% confidence rating.  

Challenges 

Around 

Accuracy of 

Data-Driven PES 

Mismatch 

Between Farm 

Practices and PES 

Payment 

Calculations 

accuracy, 

incentive, 

information 

need, 

skepticism 

“The guy that lives across the 

street from me that runs a chisel 

plow and a field cultivator 

doesn't have any livestock. He's 

getting the same dollars as I'm 

getting. Here, it's free money for 

me. But that model doesn't 

make much sense." 

Institutional Preference for institutional "I would definitely lean towards 
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Influence and 

Governance 

Around Data-

Driven PES 

Governance 

Structure 

influence; 

reliability, 

intent 

the university. Okay. I've 

always been a big believer in 

extension and land grant 

universities doing the scientific 

studies."  

Systemic 

Inequities in 

Data-Driven PES 

Unequal Access 

Due to Scale 

agency, bias, 

system design 

"Collecting all this data costs 

money. If you’re a bigger 

operation, you can afford it. But 

for a smaller farmer like me, it’s 

not realistic." 
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CHAPTER THREE 

Identifying Affinity for Technology Interaction amongst Certified Crop Advisors 

Abstract 

Decision-support systems (DSSs) are software and hardware-based tools that 

collect and analyze farm-level environmental data to provide producers with 

recommendations about when and where to plant, spray, and harvest. In the era of 

Agriculture 4.0, where technological innovation is driven by efficiency and accuracy, the 

agricultural community has invested significant efforts and resources in creating DSSs to 

enable data-driven decision-making. However, the adoption of DSSs has remained low. 

Certified Crop Advisors (CCAs) often help farmers by translating complex data and 

technological insights into practical, actionable advice, thus acting as an intermediary 

between technology providers and farmers. Thus, their role becomes pivotal in ensuring 

that the advancements in digital agriculture translate into real-world improvement for 

farmers. Therefore, this study focuses on understanding how CCAs engage with DSS. 

One way to understand crop advisors’ engagement with DSS is through the Affinity for 

Technology Interaction (ATI) scale. The ATI scale is an instrument that assesses one’s 

tendency to interact with technology. This study uses the 5-point, 9-item ATI scale to 

understand CCAs’ comfort level, proficiency, and willingness to engage with DSSs. Data 

used in this study were collected via an online survey targeted towards CCAs, 

administered in the US, Canada, and Mexico in 2023. A total of 146 survey responses 

were received. Latent Class Analysis was used to classify respondents based on their 

affinity to technology. The study identified three classes of crop advisors based on 

technology affinity: highly engaged, indecisive, and polarized, thus signaling the need for 
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tailored strategies to boost DSSs adoption. Findings from this study can help professional 

organizations, universities, and private sector firms to customize DSSs and improve 

adoption. 

Keywords: Decision Support System, Certified Crop Advisor, ATI-scale, Latent Class 

Analysis 

 

1.1. Introduction 

In recent years, public and private sector organizations have induced significant 

efforts and investments in creating farm-level DSS. DSSs are software and hardware-

based tools that gather and analyze farm-level environmental data and provide 

recommendations to land managers about when and where to plant, spray, and harvest. 

Despite the recent proliferation of DSSs in the market, their adoption remains low 

(Lundström & Lindblom, 2018; Brugler et al., 2023; Adereti et al., 2023). Many 

agricultural DSSs developed over the past 30 years fall short of being effective in 

translating science to application in the real world (Aubert et al., 2012; Eastwood et al., 

2012; Korte et al., 2012, 2013; Rossi et al., 2014; Van Meensel et al., 2012). Lindblom et 

al. (2017) point to an epistemological challenge in designing DSSs; technology 

developers often disregard the tacit knowledge and demands of the users when producing 

DSSs (Ogunyiola et al., 2022).  

DSSs can rapidly reshape future farm work with less 'hands-on' management and 

more data-driven analysis. For example, new skills are required to create, interpret, and 

establish recommendations based on a yield map derived from 50,000 individual 

measurements or to program an uncrewed aerial vehicle. While some users can actively 

respond to changes in data management and social expectations by reskilling, this 
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transition exerts pressure on farm income and debt for others. Emerging DSSs in 

agriculture can reproduce the digital divide between small and larger-sized farms, 

between users with varying levels of reach to capital and social networks, and between 

those users with varying expertise in using and interpreting data and information. 

Except for a few studies (such as Prokopy et al., 2013; Carberry et al., 2002; 

McCown et al., 2012), recent research on artificial intelligence (AI)-driven DSSs 

adoption has focused primarily on farmers as primary users (Brugler et al., 2023; Adereti 

et al., 2023). More attention should be given to agricultural knowledge intermediaries, 

such as public and private sector crop advisors, and the use of DSSs. As a trustworthy 

partner of US farmers and ranchers for more than 100 years, the US Cooperative 

Extension Service is uniquely positioned to provide functional support to farmers when 

building the capacity to use DSSs. Extension advisors are trusted and credible sources of 

information and are well-positioned to act as knowledge brokers or intermediaries to 

bridge technical knowledge and farmers’ needs. However, reducing these public 

organizations' budgets and farmers' requirements for individually tailored advice has 

cleared the way for private sector advisors, such as Certified Crop Advisors (CCAs), to 

fill this gap in service delivery (Prokopy et al., 2015). In North America (that includes the 

U.S., Canada, and Mexico), CCAs can hail from various backgrounds, including 

employment at land grant universities or government agencies like the US Department of 

Agriculture. Alternatively, they may operate personal businesses or work as certified crop 

consultants or sales representatives for seed and fertilizer companies (Haigh et al., 2015; 

Prokopy et al., 2013). Regardless of their professional origins, crop advisors provide 

tailored agronomic solutions to farmers. Given the complexity of agricultural decision-
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making, farmers rely heavily on these advisors for substantial guidance (Prokopy et al., 

2013; Lubell et al., 2014). 

We recognize crop advisors' role as farmers' knowledge partners (Lu et al., 2022) 

for translating and disseminating scientific knowledge (Mase & Prokopy, 2014). Further 

investigation is required to understand how crop advisors interact with DSSs. Previous 

research has highlighted that recognizing the diversity among farmers is essential for 

enhancing the efficacy of engagement approaches for climate change adaptation (Gardezi 

& Arbuckle, 2020). Crafting outreach strategies that leverage users' sense of self-efficacy 

and confidence while elucidating the opportunities and constraints of existing and 

potential technology use may foster more effective use of DSSs. 

This paper aims to categorize crop advisors into different technology engagement 

profiles based on their affinity for DSSs. Categorization can play a crucial role in 

comprehending how crop advisors interact with technology and in crafting a focused 

strategy to enhance the adoption of DSSs. These profiles can aid policymakers, 

technology creators, and educators in engaging with crop advisors more effectively, 

taking into account their perceptions and ease of use regarding DSSs. Specifically, this 

study asks: How can the Affinity for Technology Interaction (ATI) scale be useful for 

understanding CCAs’ attitudes toward Decision Support Systems (DSSs)? 

The paper is organized as follows. The following section is the literature review, 

categorized into three parts. First, the literature review section provides context about 

how a DSSs is expected to work at the farm level, followed by problems with the 

implementation of DSSs. Next, the section introduces the affinity for technology 

interaction scale and possible ways of its usability in studying the human impacts of 
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digital agriculture. Section three describes the methods, including the study area, 

partnership with certified crop advisors, survey design and dissemination, and analytical 

approach. The section also describes some limitations of the analytical approach. Section 

four illustrates the result of the study, which describes the demographic information of 

the respondents, their attitudes toward affinity for technology interaction, and categories 

based on their affinity for technology interaction. The result section is followed by the 

discussion, conclusion, strengths and limitations, and recommendation sections. 

2.1. Literature  

2.1.1. Decision Support System (DSS) and the problem of implementation 

Agricultural DSSs (AgriDSS), which are viewed as instruments for assessment 

and communication (Barnhart et al., 2018; Smits, 2002), are frequently intended for use 

by technical advisers, enabling them to provide farmers with more precise site-specific 

suggestions (Rose et al., 2016). DSSs rely on several back-end tasks, including big data 

processing and gathering, machine learning algorithms, data sharing platforms, and cyber 

infrastructures, each presenting unique technological and societal difficulties (Gardezi, 

2022). On the front end, it is expected to provide target recommendations to end-users so 

that they can increase farm productivity and profitability in an environmentally 

sustainable manner (Bilali & Hyari, 2018; Balafoutis et al., 2017). Functions such as 

determining the optimal date of planting crops (López & Corrales, 2018) and identifying 

and removing weeds from land (Fennimore, 2017; Lottes et al., 2017) are some ways in 

which DSSs support human intuition and cognition (Gardezi, 2022; Huang et al., 2019). 

Literature states that adopting DSSs would necessitate more data-driven analysis and less 

"hands-on" activities by end-users (Eastwood et al., 2012). Users' decision-making 
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involves trade-offs and a high degree of complexity, which the agricultural DSSs, now 

accessible to them, do not fully account for or adapt to (e.g., Eastwood et al., 2012; Van 

Meensel et al., 2012). In agriculture, this has been called the "problem of 

implementation" (Rossi et al., 2014). 

In relation to the "problem of implementation," several theories have been 

proposed to explain why DSSs adoption rates are low among farmers. These theories 

range from farm-specific factors like age and education levels of farmers to resource 

availability, user-friendliness, and experienced usefulness, to risk management attitudes 

of farmers (e.g., Aubert et al. 2012; Pierpaoli et al., 2013) and high investment and 

learning costs (e.g., Kutter et al. 2011). According to Aubert et al. (2012) and Pierpaoli et 

al. (2013), two factors influence farmers' perceptions of precision agriculture (PA) 

technology: its usefulness and ease of use. Inadequate standards and incompatibilities 

between equipment from various manufacturers can reduce usability. The time and 

resources needed to build end-users' capabilities to use DSSs and the challenges 

associated with overly complicated architecture are also reasons that reduce DSSs 

adoption (Van Meensel et al., 2012). There is also a mismatch between user needs and 

DSSs capabilities. Farmers, for instance, often require a broad understanding of crop 

production, covering various issues, such as insects and pests, nutrients, diseases, weather 

forecasting, etc. DSSs developers, however, often focus on a single topic or problem, 

creating a gap between research and practical application. This gap is referred to as the 

"gap of relevance" (McCown et al., 2009). 

According to established research, end users should be considered equal 

participants in the development team and involved, from the outset, in the design and 
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development process (Marti & Bannon, 2009). Designers and end users need to 

collaborate and share knowledge to generate a shared understanding of the constraints 

and opportunities of the evolving AgriDSSs (Lindblom, 2017). Also, involving end-users 

early in the development process and considering their practical needs and tacit 

knowledge can lead to more applicable and innovative farm management practices, 

ultimately contributing to sustainable agriculture. 

2.1.2. Affinity for Technology Interaction (ATI) 

Franke et al. (2018) define Affinity for Technology Interaction (ATI) as "the 

tendency to actively engage in intensive technology interaction" (p. 456). The ATI scale 

builds on social and psychological research concepts, emphasizing that personal factors 

and immediate environmental responses influence an individual's experience with new 

and emerging technologies (Lewin, 1939). The ATI concept is rooted in the Need for 

Cognition (NFC), a well-known psychological construct defined as "a stable individual 

difference in people's tendency to engage in and enjoy effortful cognitive activity" 

(Cacioppo et al., 1996, p. 197). Research indicates that individuals with high NFC who 

enjoy and engage in mentally challenging tasks tend to process information thoroughly, 

systematically, and in a structured manner (Cazan & Indreica, 2014, p. 134). Thus, ATI is 

likely positively correlated with NFC, as higher NFC leads to increased technology 

interaction (Sicilia et al., 2005), greater technological innovativeness (Hoffmann & 

Soyez, 2010), and more efficient problem-solving during computer interaction 

(Ebelhäuser, 2015). 

Franke et al. (2018) developed a nine-item, unidimensional scale to measure 

individuals' ATI. Their study of over 1500 participants showed good dimensionality, 
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reliability, validity, and distribution of ATI score values. Significant differences were 

found between genders, with men scoring higher than women and a negative correlation 

between age and ATI scores, with older participants scoring lower than younger ones. 

Education level did not significantly relate to ATI values, but there was a strong 

correlation between ATI values and the field of study, with media computer science 

students scoring higher than psychology students. The study also found a strong 

correlation between "technical problem-solving success" and "technical system learning 

success." Notably, no ceiling effect was found on the ATI scale, indicating that 

participants' scores did not cluster toward the high end or best possible score of the 

measure (Franke et al., 2018). Lezhnina and Kismihok (2020) further evaluated the 

construct validity and psychometric features of the ATI scale, confirming its one-

dimensionality (homogeneity 0.55), reliability (0.88-0.92), and construct validity. 

The ATI scale introduces the interactions between user's ability to work with 

technology and their effort to learn it, which is absent in extant technology-use scales like 

the 19-item Technology Affinity Evaluation Gauge (TAEG) (Karrer et al., 2009) and the 

15-item GEX scale (Schmettow & Drees, 2014). A higher ATI score indicates a greater 

interest in learning and using technology (Attig & Franke, 2019). The quality of an 

instrument like the ATI scale depends on its validity and reliability (Schimmack, 2019). 

Currently, there is no data proving the predictive validity of the nine-item ATI scale 

(Lezhnina & Kismihok, 2020). Additionally, the use of this instrument in the adoption of 

DSS has yet to be tested, suggesting a need to assess the content validity of the ATI scale 

in this field. In this context, the ATI score should positively correlate with crop advisors' 

interest in DSS. 



82 

 

3.1. Method 

3.1.1. Data Collection 

We partnered with the American Society of Agronomy (ASA) to send an online 

survey to Certified Crop Advisors (CCAs) in North America via ASA's professional list 

serv. The list serv includes approximately 13,500 CCAs in the US, Mexico, and Canada. 

The purpose of the survey was to understand how crop advisors perceive the use and 

efficacy of AI-enabled technologies and precision agriculture for advising farmers. The 

survey was designed by May 1, 2023, tested amongst the team members for a final 

review, and distributed to the target population by August 1. It was administered till 

August 15 via the survey platform "QuestionPro." Survey participation was voluntary for 

CCAs. As a token of appreciation, participants' names went into a drawing, and 15 

respondents were randomly selected to receive a $100 credit towards future online 

educational programs provided by ASA. A total of 146 complete responses were received 

by August 15, 2023. The survey data met the norms and regulations of the Institutional 

Review Board (IRB-2307006-EXM). 

3.1.2. Measuring ATI  

This study contextualized the 5-point English ATI scale (www.ati-scale.org) to 

gauge CCAs' comfort level, proficiency, and willingness to engage with DSSs. The ATI 

scale survey questions were designed to uncover crop advisors’ level of interest in 

exploring DSSs and trying out new features of DSSs. The survey delved into whether 

participants enjoy familiarizing themselves with new DSSs and whether they are satisfied 

in knowing only the system's essential functions or if they strive to comprehend to learn 

how it works. Finally, the ATI scale questions were included to investigate whether or 
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not participants are able to use the entire capabilities of an DSSs. The ATI was measured 

on a five-point scale: “strongly disagree,” “disagree,” “neutral,” “agree,” and “strongly 

agree.” The following codes were used for inputting participant replies in a data file for 

analysis: strongly disagree = 1, disagree = 2, agree = 3, strongly agree = 4, do not know = 

5. In order to ascertain the overall sentiments conveyed by the respondents towards 

individual ATI survey questions, we used a calculated mean score for each survey item. 

A mean score of 3 and above was interpreted as agreement, and a score below three was 

interpreted as disagreement. The responses were reverse coded for three negatively 

worded statements (questions 3, 6, 8) (see Table 1). 

Table 1: Survey questions related to the affinity for technology interaction (ATI) 

scale 

Question Affinity for Technology Interaction Scale 

1 I like to occupy myself in greater detail with Ag decision support systems 

2 I like testing the functions of new Ag decision support systems 

3 I predominantly deal with Ag decision support systems because I have to 

4 When I have a new Ag decision support system in front of me, I try it out intensively 

5 I enjoy spending time becoming acquainted with a new Ag decision support system 

6 It is enough for me that an Ag decision support system works; I do not care how or 

why 

7 I try to understand how an Ag decision support system exactly works 

8 It is enough for me to know the basic functions of an Ag decision support system 

9 I try to make full use of the capabilities of an Ag decision support system 
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In this study, “Do not know” responses were treated as equivalent to “Neutral” because 

both can reflect a lack of strong opinion or clear preference. Given the technical nature of 

DSSs, there is a chance that some participants might have selected “Do not know” not out 

of confusion, but because they felt uncertain or lacked enough experience to agree or 

disagree. In that sense, their responses may still represent a midpoint position, neither 

agreeing nor disagreeing. However, we recognize that “Do not know” may also reflect 

unfamiliarity or disengagement, which is not the same as being neutral. This is a 

limitation of our approach and should be considered in future studies. 

3.1.3.  Analytical Approach: Latent Class Analysis 

The core research question guiding this analysis is: How can the ATI scale be 

useful for understanding CCAs’ attitudes toward DSSs? To answer this, we employed 

Latent Class Analysis (LCA) is a discrete choice analytical approach that can identify 

existing latent relationships in categorical responses. LCA has been widely used across 

disciplines of social science, medicine, and transportation, to name a few (Allison et al., 

2016; Cuaresma et al., 2016; Eastman et al., 2016; Molesworth & Koo, 2016; Rothschild 

& Lapane, 2015; Sasidharan et al., 2015). Here, we use LCA to identify latent categories 

of CCAs based on their responses regarding their preferences and attitudes toward using 

DSS. We used the R package "Polytomous Variable Latent Class Analysis," or poLCA, 

to identify latent classes for polytomous responses (Linzer & Lewis, 2011). 

3.1.4.  Limitations of the Method 

The survey was conducted online, which may have attracted respondents who are 

proficient with technology and potentially excluded others. The survey was designed to 

be completed in 15 minutes, which could account for the low response rate. However, 
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basic statistical tests for non-response bias were used to compare differences between 

respondents and non-respondents using variables such as "age" and "race." No practical 

difference was found. The survey was administered in August, which is a busy time 

period for CCAs in the USA, Mexico, and Canada as it coincides with the harvesting 

time for crops such as corn, soybeans, cotton, grapes, blueberries, and specific types of 

tomatoes. This may have reduced the survey response rate further. 

4.1.  Results 

The results section describes the respondents' demographics, ascertains their overall 

attitude toward ATI survey questions, and classifies respondents based on their attitude 

toward technology interaction.  

4.1.1. Crop advisors’ demographics 

As part of the study, participants were asked to provide demographic information, 

including their age, education level, gender, ethnicity, income, and employment status. 

Table 2 displays a breakdown of the respondents’ demographics. The largest age group 

was between 25-34 years (30.8%), followed by age 45-54 years (20.5%). The majority of 

respondents held a college degree (49.3%) and identified themselves as male (76.7%), 

with white/Caucasian ethnicity being the most reported (77.4%). About 45% of 

respondents were employed by agribusiness companies. 

Table 2: Demographic description of the respondents 

Demography N Percentage 

Age  141 100 

18-24 years  2 1.4 

25-34 years 46 30.8 

35-44 years 27 17.8 

45-54 years 31 20.5 

55-64 years 21 13.7 

65 or older 14 8.9 

Highest Level of Education 141 100 
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Less than high school 0 0 

High school diploma/GED 2 1.4 

Some college 13 8.9 

College degree 76 49.3 

Advanced degree 50 33.6 

Gender 140 100 

Male 116 76.7 

Female 23 15.1 

Non-binary/Others 1 0.7 

Race/ethnicity 140 100 

White/Caucasian 117 77.4 

Black/African American 2 1.4 

Hispanic/Latino 8 5.5 

Asian/Pacific Islander 1 0.7 

Native American/Indigenous 0 0 

Other (specify) 4 2.1 

Do not wish to say 8 5.5 

Income range 140 100 

Less than $25,000 2 1.4 

$25,001-$49,999 5 3.4 

$50,000-$74,999 27 17.8 

$75,000-$99,999 35 23.3 

$100,000 - $150,000 37 24.7 

$150,001 and above 14 8.9 

Do not wish to say 20 13.0 

Employment status 140 100 

Self-employed as an independent contractor 31 21.2 

Employed by an agricultural establishment 

directly (e.g. a farm / forest operation) 

22 13.7 

Employed by an agribusiness company 67 44.5 

Other 20 13.0 

  

4.1.2. Crop advisors' affinity for technology interaction 

To understand respondents’ general attitude towards the individual ATI survey 

questions, we identified the frequency of responses, the overall nature of the response 

(mean response), and the proportion of respondents in each response category (in 

percentage). Table 3 shows that a total of 141 participants responded to the ATI survey 

questions.  
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Table 3: The table below describes respondents' mean response, frequency, and 

proportion of responses (%) towards survey questions related to the affinity for 

technology interaction scale. 

    Percent 

  N Me

an 

Stron

gly 

Disag

ree 

Disag

ree 

Agr

ee 

Stron

gly 

Agree 

Do 

not 

kno

w 

1 I like to occupy myself in greater 

detail with Ag decision support 

systems 

141 3.1

6 

2.1 18.5 48.

6 

10.3 13.7 

2 I like testing the functions of new 

Ag decision support systems 

141 3.2

1 

2.1 12.3 52.

7 

15.8 10.3 

3 I predominantly deal with Ag 

decision support systems because I 

have to 

141 2.8

4 

2.7 38.4 37.

0 

2.1 13.0 

4 When I have a new Ag decision 

support system in front of me, I try it 

out intensively 

141 3.0

4 

0.7 24.7 47.

3 

11.6 8.9 

5 I enjoy spending time becoming 

acquainted with a new Ag decision 

support system 

141 2.9

2 

2.7 26.7 45.

9 

11.0 6.8 

6 It is enough for me that an Ag 

decision support system works; I 

don’t care how or why 

141 2.2

8 

19.2 44.5 18.

5 

4.1 6.8 

7 I try to understand how an Ag 

decision support system exactly 

works 

141 3.2

8 

0.7 8.2 54.

1 

24.0 6.2 

8 It is enough for me to know the 

basic functions of an Ag decision 

support system 

141 2.7

2 

 4.1 37.0 37.

7 

7.5 6.8 

9 I try to make full use of the 

capabilities of an Ag decision 

support system 

141 3.2

1 

1.4 15.8 49.

3 

15.8 11.0 

Strongly disagree = 1, Disagree = 2, Agree = 3, Strongly Agree = 4, Do not know = 5 

On average, as reflected through the mean scores towards individual ATI survey 

questions, crop advisors showed a favorable attitude towards engaging with DSSs, 

including a willingness to occupy themselves in greater detail (3.16) to test new functions 

(3.21) and try out the systems intensively (3.04). They also demonstrated a desire to 

understand how DSSs exactly works (3.28) and make the most of its capabilities (3.21). 
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Respondents disagreed with solely using DSS out of obligation (2.84) and with the 

sentiment that simply knowing the basics of the software is sufficient (2.72). Crop 

advisors wanted to know how or why a DSS works, and not just that it did (2.28). At the 

same time, however, many CCAs did not enjoy spending time getting acquainted with a 

new DSS (2.92). 

While trying to interpret the proportion of overall response towards individual 

ATI survey questions, it was observed that more than half of the respondents wanted to 

test new functions of the tool (52.7%) and understand how DSS exactly works (54.1%). 

A majority of the CCAs expressed interest in exploring DSSs in more detail (48.6%), 

enjoyed learning about DSS (45.9%), and wanted to utilize the tool intensively (47.3%). 

Almost half of the responders agreed to take full advantage of the capabilities of DSS 

(49.3%). A majority of CCAs disagreed with the statement, "It is enough for me that an 

Ag decision support system works; I don't care how or why." Interestingly, a sizeable and 

equal proportion of agreement (37%) and disagreement (38%) was recorded for the 

survey question, "I predominantly deal with Ag decision support systems because I have 

to" and "It is enough for me to know the basic functions of an Ag decision." Many CCAs 

strongly disagreed (19.2%) and disagreed (44.5%) to the survey question, "It is enough 

for me that an DSS works; I don't care how or why." On the other hand, most participants 

(52.7%) agreed that they enjoyed testing the functions of the new DSS system. The 

survey question that received the most responses in the Strongly Agree category (24%) 

was, "I try to understand how an Ag decision support system exactly works." 

Furthermore, when asked if they wanted to occupy themselves in greater detail with DSS, 

many participants (13.7%) responded with "Do Not Know." This suggests that there is 
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considerable variation among the CCA sample to either learn the basic functionality and 

to understand the reasons behind the functions of a DSSs. 

4.1.3. Classifying respondents based on their affinity for technology interaction  

In this section, Latent Class Analysis (LCA) was employed as an analytical 

method to classify respondents based on their ATI scores. The study identified the 

classes, respondents' proportions in individual classes, and the type of response in the 

three classes (strongly disagree, disagree, neutral, strongly agree, and agree). To gain a 

deeper understanding of the end users and their attitudes towards DSS, a cross-tabulation 

table was created between the latent classes and the respondents' demographic 

information, resulting in a user profile. 

In LCA, every latent class determined is a separate model. It is worth mentioning 

that there are various ways to determine the number of classes (Dean & Raftery, 2010; 

Linzer & Lewis, 2011). This study utilizes the Bayesian Information Criterion (BIC) for 

class determination (Dean & Raftery, 2010). From Table 4, we can see that the minimum 

BIC is 2943.995, which corresponds to Model 3. So, we consider three classes for this 

study. In the diagram below (Figure 1), we can see that an inflection point is formed at 

Model 3, which restates the fact that the sample population can be categorized into three 

significant classes. 
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                Figure 1: Graphical representation of the point of inflection 

 

Figure 2 exhibits the sample share in each of the three latent classes. Class 1 

consists of 61.7% of the sample, class 2 consisted of 8.9% and class 3 was composed of 

30% of the sample. The red bars (Figure 2) represent the probability of outcomes for all 

survey items. From the graph below, it is evident that most of the respondents in class 1 

chose "strongly agree" as their response to the ATI survey questions. Participants in class 

2 predominantly chose “neutral” as their response to the ATI survey questions. Class 3 

respondents were composed of those who either choose "disagree" or "strongly agree" on 

the ATI survey questions. 
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Figure 2: Graphical representation of the sample distribution of the three latent classes 

 

Figure 3 presents the three latent classes and their respective response patterns to the ATI 

scale. The following section interprets each class in greater detail. 
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The class-wise analysis of the response toward an affinity for technology interaction is 

discussed below.  

Class 1 responses 

 

 
Figure 3: Type of responses in the three latent classes 

 
Prompt 

No. 
Prompt description 

1 I like to occupy myself in greater detail with Ag decision support systems 
2 I like testing the functions of new Ag decision support systems 
3 I predominantly deal with Ag decision support systems because I have to  

4 When I have a new Ag decision support system in front of me, I try it out intensively. 
5 I enjoy spending time becoming acquainted with a new Ag decision support system 
6 It is enough for me that an Ag decision support system works; I don’t care how or why 

7 I try to understand how an Ag decision support system exactly works 
8 It is enough for me to know the basic functions of an Ag decision support system 
9 I try to make full use of the capabilities of an Ag decision support system 
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The response patterns in this class indicate that CCAs within this category have a 

greater affinity towards technology when compared to the other two classes. In this 

context, it can be said that most of the CCAs were interested in trying out new 

DSSs. They showed enthusiasm towards testing new functions and thoroughly exploring 

the features of DSSs. They enjoyed spending time becoming familiar with the system and 

trying to understand how it works. Most of them tried to utilize DSS's capabilities to the 

fullest. However, from Fig.3 it can be said that many crop advisors in this class agreed or 

strongly agreed that "It is enough for me that a DSS works; I don't care how or why." 

Class 2 responses 

Overall, CCAs in this class exhibit an indecisive attitude toward technology, as 

most respondents showed neutral reactions toward the ATI survey questions. Although 

there were no strong disagreements, few participants did show disagreements, with most 

disagreement toward the response "…enough to know basic functions of DSS" and 

"…make full use of the capabilities of DSS," which reflects contrasting attitudes toward 

technology interaction. Some participants wanted to spend time getting acquainted with 

the new DSS and understand how it works exactly. There were a few who were only 

interested in knowing the basic function of DSS, and it was enough for them that a DSS 

works, and they do not care how or why.  

Class 3 responses 

CCAs in Class 3 displayed highly pragmatic responses. There was strong 

disagreement with survey questions, including "enjoying spending time becoming 

acquainted with a new DSS" and "It is enough for me to know the basic functions of a 

DSS." This contrasting response pattern continued, with comparable proportions of 
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agreement towards "It is enough for me that a DSS works; I don't care how or why" and 

"I try to understand how an Ag decision support system exactly works." These pragmatic 

responses highlight two different cognitive tendencies towards technology within this 

group. Notably, the proportion of neutral responses was low, indicating that most crop 

advisors in this class were opinionated. The most neutral responses were towards the 

survey question, "I like to occupy myself in greater detail with DSS." It can be argued 

that class 3 respondents exhibit properties that have some similarities to both class 1 and 

2. In other words, they are interested in learning the basic capabilities of DSS, as long as 

it does what is required for them to be successful at achieving their work tasks. 

4.1.4. Cross-tabulating respondents’ demographic information by latent class 

A cross-tabulation analysis was carried out to determine the CCA’s attitudes 

towards technology interaction in relation to their social and demographic characteristics. 

The analysis considered three latent classes formed based on participants' attitudes 

toward technology interaction and respondents' demographic information. Results of the 

analysis (Table 5) show that the majority of respondents in all three latent classes—Class 

1 (respondents inclined toward technology interaction), Class 2 (indecisive attitude 

towards technology interaction), and Class 3 (pragmatic responders)—were 

white/Caucasian males with college degrees or advanced degrees and were employed 

mainly by agribusiness companies. Respondents aged 55 and above were higher in class 

2 (around 21%) and class 3 (around 38%) compared to class 1 (around 16%). Class 3 

participants had a higher income compared to other classes. Class 2 had a comparatively 

higher proportion of respondents who were self-employed or were employed by an 

agricultural establishment directly (e.g., a farm/forest operation).  
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Respondents with a higher affinity for technology interaction (Class 1) mostly 

belonged to the 25-34 age group (33.33%), had college (58.33%) or advanced degrees 

(41.67%), earned $50,000 - $100,000 per year, and were mostly employed by 

agribusiness companies (58.33%). It is to be noted that the majority of them chose not to 

disclose their income range (33.33%).  

Respondents who showed an indecisive attitude towards technology interaction 

(Class 2) one-third of the respondents in this class belonged to the 25-34 age group 

(34.52%). Most had college degrees (58.33%) or advanced degrees (32.14%). This class 

contained a wide range of income levels from $50,000 to $150,000 a year and was 

employed mainly by agribusiness companies (39.29%). Also, a significant proportion of 

respondents in this class were either self-employed (26.19%) or employed by agricultural 

establishments directly (20.24%). 

Pragmatic responders (Class 3) had an equal proportion of respondents in two age 

groups: 25-34 (28.21%) and 55-64 years (28.21%). Even though the majority of the 

respondents in this class had college degrees (43.59%) or advanced degrees (38.46%), 

there was also a significant proportion of respondents who went to some college 

(17.95%). The plurality of the respondents earned between $100,000 to $150,000 per 

year and were employed mainly by agribusiness companies (64.10%).  

Table 5: Demographic information of respondents (figures in percentage) across three 

latent class categories  

 Latent Class 1 Latent Class 2 Latent Class 3 

Age (N=136) 

18-24 0 0 2.56 

25-34 33.33 34.52 28.21 

35-44 25 21.43 12.82 

45-54 25 22.62 17.95 

55-64 16.67 9.52 28.21 

65 or older 0 11.90 10.26 
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Highest Level of Education (N=136) 

Less than high school 0 0 0 

High school diploma/GED 0 2.38 0 

Some college 0 7.14 17.95 

College degree 58.33 58.33 43.59 

Advanced degree 41.67 32.14 38.46 

Gender (N=135) 

Male 75 85.71 82.05 

Female 25 14.29 15.38 

Non-binary/Other 0 0 2.56 

Race/ethnicity (N=135) 

White/Caucasian 83.33 82.14 87.18 

Black/African American 0 1.19 0 

Hispanic/Latino 0 7.14 5.13 

Asian/Pacific Islander 0 1.19 0 

Native American/Indigenous 0 2.38 5.13 

Do not wish to say 16.67 5.95 2.56 

Income range (N=135) 

Less than $25,000 0 2.38 0 

$25,001-$49,999 0 5.95 0 

$50,000-$74,999 25.00 20.24 15.38 

$75,000-$99,999 25.00 23.81 25.64 

$100,000 - $150,000 16.67 21.43 41.03 

$150,001 and above 0 10.71 12.82 

Do not wish to say 33.33 15.48 5.13 

Employment status (N=135) 

Self-employed as an independent 

contractor 

16.67 26.19 17.95 

Employed by an agricultural establishment 

directly (e.g. a farm/forest operation) 

16.67 20.24 7.69 

Employed by an agribusiness company 58.33 39.29 64.10 

Other 8.33 14.29 10.26 

 

5.1. Discussion 

Our analysis has identified three distinct classes of crop advisors based on their 

varying levels of engagement with technology: those with a strong affinity for technology 

interaction, those who are undecided about technology, and those with more pragmatist 

attitudes and strong opinions. The findings from this research will provide valuable 

insights for technology developers, policymakers, and universities, enabling them to 
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tailor their approaches for enhanced adoption and effective use of DSSs. Technology 

developers can focus on creating user-friendly interfaces that accommodate the 

preferences of different groups of crop advisors. Policymakers can use this information to 

develop tailored training programs for specific populations based on their technological 

skills. Additionally, training programs can be designed to facilitate knowledge sharing 

and problem-solving between tech-savvy and less tech-inclined crop advisors. 

Additionally, this information will also assist universities in considering various aspects 

of human-computer interaction in a contextualized manner, thus fostering a holistic 

approach to understanding context-specific technology adoption.  

DSSs are transforming farming and redefining social practices and meanings in 

agriculture. These systems have the potential to enhance farmers' and crop advisors’ 

ability to make better agronomic and financial decisions about farming operations. Our 

findings indicate a general optimism among crop advisors about the potential of these 

technologies to effectively integrate with farm work. The success of coupling crop 

advisors with DSS depends not only on reliable and accessible technology but also on the 

development of new skills, shared competencies, and autonomy over machines and 

decisions (Duus & Cooray, 2018). In this vein, improving collaboration between crop 

advisors and DSSs may require a careful integration of existing or local knowledge with 

the capabilities of DSSs. Lindblom et al. (2017) link the low reception of agricultural 

DSSs to a disconnect between scientists, technology developers, and end users. For 

effective adoption of DSSs, developers must address a range of issues that encompass 

overcoming unfriendly user interfaces and designing DSS solutions that are specific to 
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farm situations and within farm spatial and temporal variability (Carberry et al., 2002; 

Hochman and Carberry, 2011; Jakku and Thorburn, 2010). 

Designing successful DSSs is challenging as farming is a highly complex system 

to model. DSSs that aim to provide detailed information about a farm's spatial 

characteristics must account for various factors, including weather, soil, farm 

management, and market and policy conditions. Rose et al. (2018) emphasize that the 

success of DSSs is closely tied to the involvement of farmers in the design and 

development process. Moving forward, DSSs developers should incorporate crop 

advisors’ local knowledge and design interfaces that facilitate the co-creation of 

knowledge. DSSs, therefore, should focus on enhancing the decision-making process of 

farmers and crop advisors by translating scientific knowledge and making it useful and 

useable for the end-users. Coproduction is an "iterative and collaborative process [that] 

involves diverse types of expertise, knowledge, and actors to produce context-specific 

knowledge and pathways towards a sustainable future" (Norstrom et al., 2020, p. 182). 

Knowledge coproduction becomes important for developing successful DSS, as it has the 

potential to play a significant role in improving the relationship between knowledge and 

users’ decision-making (Wyborn et al., 2019).  Research indicates that coproduction 

makes knowledge more likely to be used by ensuring that the produced information 

meets the users' demands, thereby closing the knowledge gap between knowledge 

producers and users (Cash et al., 2006; Lu et al., 2022; Lemos et al., 2012). Recognizing 

that the involvement of agricultural advisers in the early stages of creating DSSs might 

eliminate barriers to co-production.  
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The indecisive or negative attitude towards AgDSS can be related to the fact that 

despite the advertised potential of the DSSs, there are repeated concerns that these 

systems are not being utilized to their full extent by the intended users, as highlighted in 

studies by Antle et al. (2017); Giupponi (2014); Hochman and Carberry (2011), and Rose 

et al. (2016). One of the reasons behind hesitancy of adoption might be due to the 

existing usability gap, which arises from a discrepancy between the answers proposed by 

science and the needs and relevance seen by society actors functioning within their 

multifaceted reality (Feldman & Ingram, 2009; Lemos & Rood, 2010; Lemos et al., 

2012). Multiple reasons for this gap have been identified in the literature, including those 

outlined by Dolinska et al. (2023) in the context of agricultural DSS. Some of the reasons 

why agricultural systems fail are due to inadequate consideration of field requirements 

(Allen et al., 2017), overlooking the concerns of farmers (Derner et al., 2012), not 

reflecting the decision-making processes of the intended users (McCown, 2002; Carberry 

et al., 2002; Jakku & Thorburn, 2010), or being built on incorrect assumptions made by 

technology developers about end users (Lemos & Rood, 2010; Porter & Dessai, 2017). 

On the other hand, positive attitudes toward DSSs highlight the efforts being made to 

bridge the existing usability gap in the DSSs field, which have focused on increasing user 

participation and improving interaction quality (Lowrey et al., 2009; Barnhart et al., 

2018). Initially, dialogue was incorporated mainly at the stage of using DSSs (Carberry et 

al., 2002), but now there is more emphasis on joint learning between advisors and 

farmers and dialogue during the design stage (Cerf et al., 2012; Martin, 2015). 

Participatory design approaches, such as user-centered design (Ortiz-Crespo et al., 2021), 
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have become more prevalent in DSSs development, with users being invited to provide 

input into tool construction (Sultan et al., 2020) for better engagement and use. 

Notably, most participants were males between the ages of 25-34 who held a 

college degree and identified as white/Caucasian. It is plausible that this demographic 

skew is because younger men typically exhibit greater comfort with technology than their 

female or older counterparts (Franke et al., 2019) and, hence, were more inclined to 

participate in the survey online. The fact that most of the respondents had college degrees 

corroborates with the findings of Shah et al. (2015), who also found a heavily skewed 

distribution toward college-level education among CCA participants in their study. 

Findings reveal that, on average, most respondents showed a cognitive inclination 

towards using DSSs. This kind of response may be due to the selection bias that occurred. 

Age has a significant negative correlation to the use of software, but higher-qualified 

individuals tend to find software more useful (Rose et al.,2016).    

There were varying opinions on whether possessing a fundamental understanding of 

DSSs functions is adequate. It can be inferred that participants in the 25-34 age group, 

who showed a stronger interest in technology (comprising 30.8% of the respondents), had 

contrasting views compared to the rest of the respondents, primarily CCAs aged over 34 

(69.2%), which may have influenced an overall agreement towards this survey question. 

Age did show a negative correlation with the ATI score, which corroborated the findings 

of Franke et al. (2019). 

While examining the CCAs' profiles based on their affinity for technology 

interaction, we found that most respondents expressed indecisive attitudes toward using 

agricultural decision support systems. These individuals were typically aged 25–34 and 
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had completed a college education. They identified themselves as male and 

white/Caucasian and were employed mainly by an agribusiness enterprise. The indecisive 

category of responders means that information about DSSs might influence their attitude 

toward the tool. Technology developers in universities and private sectors should work 

towards finding ways to provide information to these indecisive CCAs and act along with 

them to co-produce knowledge that would help us move towards a sustainable future.  

6.1. Conclusion  

In the domain of agriculture, the evolution of decision-support systems has shifted 

towards a more holistic approach that considers the decision-making process as a whole 

rather than just relying on the quantity and quality of available information (Lawrence et 

al., 2001). The modified approach acknowledges the importance of the organizational, 

political, and communication processes that support decision-making (Pyke et al., 2007) 

and adds local knowledge alongside technical information. It also improves models by 

adding frameworks that increase stakeholder involvement, making it possible to include 

risks and uncertainties that models could not incorporate on their own (Doukas & Nikas, 

2020), thus changing the perception of decision support from being only a tool to a 

process (Dolinska et al., 2023). 

This research study focuses on understanding the interactions between CCAs and 

DSSs. The study uses the 5-point ATI scale to assess the comfort, proficiency, and 

willingness of CCAs to engage with DSSs. Data were collected through an online survey 

targeting CCAs in the US, Canada, and Mexico in 2023. The primary objective of this 

study was to identify crop advisors' prevailing attitudes toward using decision-support 

systems. Specifically, the research question is: How can the ATI scale be useful for 
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understanding CCAs attitude toward DSSs? A total of 141 CCAs, primarily male, 

white/Caucasian, and mostly aged between 25-34 years, participated in the survey. Most 

held college degrees or advanced degrees and earned between $50,000 to $150,000 a 

year, working primarily in agribusiness companies. 

The results of this study indicate that the majority of respondents demonstrated a 

positive cognitive inclination toward using DSSs, indicating a general affinity for 

technology interaction. However, there was no clear consensus on whether crop advisors 

enjoyed the time spent getting acquainted with the new DSSs, which contradicts previous 

assumptions. Pragmatic opinions emerged on whether DSSs should be used only out of 

necessity and whether understanding only the basic functions of the system was 

sufficient. Most respondents, however, expressed a strong desire to learn how DSSs 

works in detail. Three distinct classes of respondents were identified based on their 

attitudes toward technology interaction. Class 1 (technologically inclined) mostly 

consisted of individuals aged 25-34, earning $50,000-$100,000, and predominantly 

working in agribusiness. Class 2 (indecisive) also had individuals aged 25-34, with a 

wider income range ($50,000-$150,000), and included relatively more self-employed or 

agricultural establishment workers. Class 3 (pragmatic) had significant representation in 

both the 25-34 and 55-64 age groups, with higher income ($100,000-$150,000) and 

relatively more agribusiness employment. 

The study findings will provide valuable insights for Cooperative Extension and 

other stakeholders, such as technology developers, to understand crop advisors' 

preferences regarding the use of DSSs so that they can provide customized support if and 

where necessary. However, the study is limited by the small sample available (N=141), 
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which acted as a barrier to carrying out inferential statistics. Also, it is a problem to 

generalize the results because of the low response rate. Despite the limitations, this 

research work highlights the need to bridge the existing technological skill gap within the 

community of practice, particularly among crop advisors, to improve the adoption and 

effectiveness of DSSs in agriculture.  

7.1. Recommendation 

There is a need for further research into the ways in which individuals engage 

with technology within the agriculture industry. To achieve this, a diverse range of end 

users across the agrarian community should be included in the research process. 

Additionally, the mode of administering the survey should be kept in mind to avoid 

selection biases. To maximize the response rate of a survey, it is essential to consider the 

timing of its administration carefully. This involves selecting a time when the target 

population is both available and easily reachable. For example, suppose the survey is 

intended for individuals within the agricultural community. In that case, it is essential to 

consider the planting and harvesting seasons and avoid surveying during these busy 

periods. Further, researchers should carry out stratified sampling and mixed-method 

research to try to generate distinct user personas for various categories of end users in the 

agrarian community. This approach will facilitate the creation of products that are better 

aligned with users' needs, thereby enhancing the uptake of advanced digital technologies 

in the agricultural sector. 
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CHAPTER FOUR 

Anticipating contested futures of precision agriculture: A foresight study 

Abstract 

There is a "pacing problem" in the governance of precision agriculture. Digital 

and precision agriculture technologies are being developed at a fast pace. However, little 

is known about how to govern their uses or who should be included in technological 

governance. Developers of these technologies promise improvements in farm and crop 

production efficiency and protection of natural resources and the environment. However, 

many farmers remain hesitant to adopt these tools due to their high costs, challenges 

associated with the reliability and accuracy of artificial intelligence models, data privacy, 

and concerns about data ownership. The governance of emerging technologies can 

benefit from an anticipatory turn in innovation governance. We conceptualize 

anticipation as a process whereby opportunities are created for stakeholders to explore 

plausible futures and identify steps that need to be taken in the present to materialize their 

desired futures. To investigate these dynamics, we conducted foresight workshops in 

South Dakota and Vermont, bringing together diverse agricultural stakeholders to 

collectively reflect on the future of precision agriculture. We explore how stakeholders 

across food system value chains come to idealize the future of precision agriculture (PA) 

to solve issues related to sustainability and what visions they propose under which PA 

can better facilitate this socio-technical transition in rural society. 

Keywords: Precision agriculture, foresight, anticipation, sociotechnical Imaginaries, co-

productivist approach 



119 

 

1.1. Introduction 

Agriculture is going through a paradigm shift with the advent of precision 

farming. “Agriculture 4.0” (Frankelius et al., 2017; Lejon & Frankelius, 2015) includes 

the application of artificial intelligence (AI), the Internet of Things (IoT), machine 

learning, robotics, and cloud computing in agricultural production and distribution 

systems (Alm et al., 2016; Smith, 2018; Tilson et al., 2010). Precision Agriculture (PA) is 

a result of this “technological revolution” (Rose & Chilvers, 2018); it relies on digital 

information about soil conditions, weather patterns, crop growth, and other factors that 

impact crop yield and quality in order to analyze and optimize crop production and 

efficiency. Even though PA promises farming efficiency, better productivity, and 

protection of the environment (Cheema & Khan, 2019; Mikula et al., 2020), farmers are 

hesitant to adopt PA because of the high cost of implementation, lack of technical 

expertise, lack of knowledge in interpreting the data collected, resistance to change, and 

data privacy and ownership concerns (Adrian et al., 2005; Antolini et al., 2015; Mitchell 

et al., 2020). At the same time, however, the market size of PA is projected to reach USD 

19.24 Billion by 2030, growing at a compound annual growth rate of 14.95% (“Precision 

Agriculture Market,” 2022). This makes PA a highly contested area for corporate power, 

control of big agricultural data, and potential impact on farm labor. 

In the last decade, powerful actors in society, such as venture capitalists, 

philanthropists, and innovators, have collectively envisioned techno-optimist futures of 

precision agriculture (Gugganig et al., 2023). Hiltgartner (2015) explains how relatively 

small groups could create and act to realize specific socio-technical visions of the future 

that the broader society has not entirely accepted. In this way, seemingly new and 
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unimaginable innovations become plausible and viable in the near future. The socio-

technical visions of the future are interdependent on a series of normative assumptions 

about how social change functions, which solutions are feasible and desirable, and who 

can authorize them (Pfotenhauer et al., 2022). It is now widely accepted in the science 

and technology studies (STS) scholarship that most dominant futures are powerful but 

extremely fragile. For these visions of the future to materialize and become sturdy, they 

would have to be well aligned with entrenched local ways of thinking and understanding, 

which are often deeply embedded in social, political, and cultural institutions (Felt, 

2015). The problem, however, is that what may appear easily adaptable for scientific, 

technical, and economic reasons may materialize differently across cultural, social, and 

regional boundaries (Levidow et al., 2013; Jasanoff, 1987). In other words, the 

expectations that digital technologies in agriculture can be used to support endless 

positive social, economic, and environmental outcomes hinge on normative assumptions 

that technological and knowledge systems can evolve together without amending the 

social fabric of collective rural communities or the social identities of the individual 

technology user. Contesting futures—especially by contending dominant with peripheral 

socio-technical visions of the future—offers an opportunity to notice possible 

misalignments that can expose the illusion of seamlessness between knowledge, 

organizations, and meanings in agriculture (Longhurst & Chilvers, 2019).  

It is a common insight in the field of futures and foresight that visions play a role 

in shaping futures. The significant research issue is no longer which visions play a role 

but which role they play and how they influence futures. To fill this gap in existing 

research, this paper asks: (a) How do stakeholders throughout the food system shape and 
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envision the future of agriculture using precision agricultural technologies? To explore 

this question, we conducted foresight workshops in South Dakota and Vermont with 

stakeholders from across the food system, including farmers, extension agents, 

agribusiness professionals, and nonprofit representatives. These workshops served as 

sites for collaborative reflection on possible futures of precision agriculture and their 

implications for sustainability. 

The paper is structured as follows: first, the literature review is divided into two 

parts. The first part utilizes recent social science literature on socio-technical imaginaries 

and relational co-productivism to highlight how the desire to expand technologies and 

related economic structures is closely tied to forming widely embraced collective visions 

of the future, making these visions an essential focal point of contention. The second part 

of the literature review draws on the literature on foresight as a process of anticipating the 

future of agriculture, technologies, and sustainability. The literature review is followed by 

a methods section, explaining the steps used for foresight and describing the approach 

used to analyze foresight data. This is followed by sections on results and discussion. The 

paper concludes by recommending ways agriculture and society can attend to the design 

and governance of PA technologies by accommodating diverse visions and moving 

precision agriculture toward achieving broader sustainability gains. 

2.1. Literature Review 

2.1.1. Sociotechnical Imaginaries and relational co-productivist approach to 

interpreting visions 

Sociotechnical imaginaries are powerful ideas and informed and assembled by 

past and current technical knowledge, physical infrastructures, and socially constructed 
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ideals of modernity. The imaginaries result from power relations by which individuals 

and social groups seek common acceptance and a shared belief in their vision of the 

future (Longhurst & Chilvers, 2019; Jasanoff & Kim, 2009). Sociotechnical imaginaries, 

therefore, are powerful forms of visions that can inform and justify socioeconomic and 

technological policy agendas (Deciancio & Siegel, 2023). The discipline of STS 

highlights those futures envisioned by social actors are normative and co-produced so 

that they bring forward particular preferences of how actors prefer to organize and 

control the socio-political world (Bijker, 2012; Jasanoff, 2004; Jasanoff, 2015). Visions 

of the future are assemblages of emerging interests, values, and materials held by or 

generated in interactions among social actors (Jasanoff, 2004). Visions are performative 

and help condition present-day policy actions and resource allocation strategies by actors, 

organizations, and nation-states. These parties actively stabilize visions (Longhurst & 

Chilvers, 2019). Some visions become strong and conclusive; others become weak and 

forgotten. Once a vision gains wider acceptance, it coalesces into a sociotechnical 

imaginary (Jasanoff, 2015). One such example is from the days of the green revolution; 

agricultural technologies have been portrayed as a magical solution to solve the global 

food crisis (Patel, 2013; Shiva, 1991). Visions are performed and become real through 

social, political, and institutional forces that make them real. 

 STS research also highlights that actors and organizations may project their 

desired future visions through both material and discursive practices. These include 

stabilizing and changing knowledge, technologies, and governance arrangements 

(Berkhout, 2006). Therefore, visions represent sites of politics and contestation, and 

interrogating them provides an opportunity to make visible or transparent how they are 
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formed and for whom they matter most. Deconstructing visions can highlight how 

various actors and organizations can use power to either "capture narratives" (Hermwille, 

2016) and reinforce hegemony or "countervail industrial power" to serve their agenda 

(Hess, 2016, p. 43). 

 

 

Figure 1. Four components of a relational co-productivist approach (Source: authors’ 

own) 

A relational co-productivist perspective that builds on the socio-technical 

imaginaries literature has allowed researchers to critically evaluate visions at the nation-

state level (Longhurst & Chilvers, 2019). For example, in their study of energy visions in 

the UK, Longhurst and Chilvers (2019) used a relational co-productivist approach to 

highlight that energy visions were assembled, influenced by, and co-produced across four 

social and technical dimensions: (1) meaning, normative framing of issues that delineate 

which futures are imagined; (2) knowing, the main type of knowledge produced by the 

vision or used as input to justify the legitimacy of the vision; (3) doing, fundamental 

technological transitions involved in creating the vision, and (4) organizing, conventional 

and non-conventional instruments of governance presented for action. In other words, 
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visions become assembled and stabilized through the interactions between how the issue 

is framed, what forms of knowledge systems are respected and engaged, which 

technologies are promoted, and how technologies are imagined to be governed. 

Depending on the degree to which visions are shared between the stakeholders, visions 

can guide the direction of socio-technical change by creating new or continuing powerful 

systems of knowledge, technologies, and governance arrangements (Berkhout, 2006, p. 

302). Visions are the "reservoir of power and action" (Jasanoff & Kim, 2015, p. 17). In 

this study, we use a relational co-productivist approach as an analytical framework to 

evaluate stakeholders' visions and identify areas of contestation and consensus related to 

the future of precision agriculture (see Figure 1). 

2.1.2. Foresight: A participatory and collaborative visioning process 

Foresight is a future-oriented sociotechnical analysis that draws from the growing 

fields of futurism and innovation studies for informing policy-making, setting priorities 

for research, development, and innovation, and creating new learning spaces for social 

actors and organizations (Djuricic & Bootz, 2019; Piirainen et al., 2016; Miles, 2010). 

Foresight can enable diverse stakeholders to imagine futures in planning and policy-

making domains (Hebinck et al., 2018). Exercises in foresight are also essential to create 

shared, inclusive, and diverse sustainability futures by establishing spaces for participants 

to debate and reflect on critical questions, such as how their decisions today can bring 

potential environmental, ethical, and social costs to farming and non-farming 

communities in the future (Kahane, 2012). For this paper, we adopt a broad definition of 

foresight, following Piirainen et al. 2016, p. 289: "systematic, participatory, 

multidisciplinary, intelligence gathering, and medium-to-long term vision building 
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process to capture existing expert intelligence to make it accessible for present decision 

making, aimed at uncovering future paths, and opening them up for debate (Piirainen et 

al., 2016, p. 289)." In other words, foresight is both an organized sociotechnical process 

for bringing change through intervention in an organization, sector, or geographical 

region and intends to render actionable change by eliciting knowledge from social actors 

about the future(s) (Piirainen & Gonzalez, 2015).  

Since its inception in the academic literature, foresight has focused on developing 

deliberative and participatory approaches that enable actors and organizations to imagine 

and anticipate different plausible and probable desirable futures (Bootz et al., 2019; 

Bootz, 2010; Mangnus et al., 2019). Anticipation, for the purposes of this paper, is 

essentially arguing that images or visions of the future already exist in the minds of social 

actors, and eliciting these visions enables people to project their internal representation of 

the real world onto a desirable future. Examples of anticipation to create futures are 

available from different fields, such as social-ecological resilience (Almedom et al., 

2007), futurism (Miller, 2012), and anticipatory governance (Karinen & Guston, 2010). 

Anticipation can broaden the boundary of imagination by enabling actors and 

organizations to explore future directions for agricultural sustainability under multiple 

drivers of social, environmental, and political changes (Hebinck et al., 2018). 

 Foresight methodology has been used extensively to investigate new and 

emerging technologies' opportunities, challenges, and futures in sectors including health 

and aging (Flick et al., 2020) and energy (Proskuryakova, 2017). In food systems and 

agricultural research, foresight has been used to integrate interdisciplinary perspectives 

and initiate food system transformation by developing visions of urban agriculture in the 
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Netherlands (Hebinck et al., 2018) and exploring different policy pathways and plans for 

achieving desirable futures for the rural sector in Burkina Faso (Zougmoré et al., 2016). 

Within these research examples, foresight has relied on either a regional or a sectoral 

focus. Regional foresight seeks to set objectives from a regional perspective, negotiates 

priorities, and aims to seek commitments from social actors and organizations. This type 

of foresight is less concerned with determining reliable or robust anticipation of the 

future and more used for agenda-setting and policy-making processes (Cariola & Rolfo, 

2004; Dufva et al., 2015). Alternatively, the sectoral or innovation system foresight 

focuses on anticipating the growth—and the pathways to growth—of an industry or 

sector and is used for examining barriers and drivers for the implementation of the sector 

or industry's development (Andersen & Andersen, 2014). This paper draws on the 

methodological strengths of both foresight approaches by combining the regional and the 

sectoral approaches to inform our research on precision agriculture (sector) in two 

regions of the United States (South Dakota and Vermont). 

3.1. Methods 

In order to explore the plurality and contingency (Moran-Ellis et al., 2006) around 

the way various stakeholders perceive the future of precision agriculture at the farm level, 

this paper makes use of foresight narratives as its primary type of data for inquiry. 

3.1.1. Study region 

South Dakota (SD) and Vermont (VT) were selected as sites for foresight 

workshops. These sites were chosen for their contrasting agricultural, environmental, and 

socio-political conditions. They offer a comparison of heterogeneous socio-demographic 

and biophysical contexts that shape diverse food, fuel, and fiber production systems. SD 
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contains a majority of medium and large-scale farms, whereas VT has a majority of small 

and medium-scale farms. Adjacent states could be expected to present similar contrasts. 

The average farm acreage in SD is 1,408 acres compared to 80 acres in VT (USDA 

NASS 2012). Further, SD has mostly industrial scale and conventional monocropping 

farming systems, while VT has higher percentages of family-owned, organic, and mixed 

cropping/grazing-based farms. In 2019, with 583 certified organic farms, VT had more 

organic farms than any other state per capita (Northeast Organic Farming Association, 

n.d.). Selecting SD and VT helped elicit visions of sustainability from widely different 

food-producing regions in the US and actors with different roles in the food system. 

3.1.2. Sampling strategy 

Our sampling strategy was determined by three criteria (UNDP, 2015). First, we 

invited participants across four groups where we expected to find actors with different 

agendas, goals, and perspectives: a) private sector agricultural technology developers 

(software and hardware); b) academia; c) nonprofit and government agencies; and d) 

crop, livestock, and dairy farmers. Second, by conducting workshops in SD and VT, we 

invited participants who represented diverse types of agriculture (corn/soybean versus 

diversified small crops) and different positions in the food system. The inclusion of a 

wide range of actors enabled us to explore visions of a wider variety of actors (e.g., small 

and large-scale farmers, small rural town economic development bodies, women 

landowners and operators, developers of open-access agriculture technologies, and 

regulatory bodies) across different production systems in the US. Third, we sought 

balance by grouping participants who represented similar interests and expertise. 

Therefore, each foresight group was composed of homogeneous participants to create a 
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safe, collaborative environment. The number of participants from each category is 

summarized in Table 1 below.  

Participants  South Dakota Vermont All participants 

Farmers*  4 2 6 

NGO/government regulators 10 5 15 

Academia/Extension  14 8 22 

Technology developers 6 3 9 

Total  34 18 52 

Table 1. Number of Foresight participants.  

*Note: Some participants had multiple roles. For instance, some extension agents also 

farmed part-time. For this reason, participants' primary occupation was used to group 

them into one of the four categories. 

3.1.3.  Foresight exercise 

 

 

Figure 2: The futures triangle, adapted from Inayatullah 2008 (source: authors’ own) 
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A total of 52 foresight workshop participants were divided into twelve small 

foresight groups focused on two tasks. First, each group completed a “Futures Triangle” 

to enable participants to perform futures stock-taking (Inayatullah, 2008). The “Futures 

Triangle” has three dimensions corresponding to the three angles of a triangle: the pulls 

of the future, the pushes of the present, and the weights of the past (Inayatullah, 2003; 

2008; Fergnani, 2019). The pulls include the visions and images of the future. The pushes 

include trends, policies, and forces driving change and influencing the direction of future 

change. The weights are past cultural characteristics, social norms, structural barriers, and 

regulations that limit our ability to achieve different futures (Fergnani, 2019). The three 

dimensions of the triangle were used to study a single vision of the future (Fan & Khng, 

2014). Each group determined their future vision as supported by current (pushes) and 

future (pulls) drivers and barriers that would hinder the desired future (weights). Each 

future faces contestation at these intersections (Fergnani, 2019, p. 180).  

After each group defined a desirable future, the participants used “backcasting” to 

identify social, technological, economic, environmental, and political events and 

decisions required today to achieve the desired future. This process enables each group to 

reflect on actions, policies, and programs needed to connect the future to the present 

(UNDP, 2015). Participants identified sequential actions to develop a clear picture of how 

their goal will be achieved. Each group shared findings of the Futures Triangle and the 

backcasting analysis with other groups in diagrams and an oral presentation. At the end 

of each presentation, the workshop facilitator asked two further questions: (1) “What role 

will PA play in this plausible future? and (2) “What are the social and ethical 
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implications that might arise?” Participants responded by explaining how their visions 

would modify or transform as a result and what they may do to counter this situation.  

 

Figure 3: A diagram for the backcasting process, working back from an identified future 

to determine what led up to that and what needs to be done in the present accordingly 

(source: authors’ own) 

3.1.4. Analytic approach 

We compared the sociotechnical visions from SD and VT in two steps. First, we 

transcribed the oral presentation made by each group, which included their description of 

the "Futures Triangle." Second, each of the visions was subjected to qualitative content 

analysis through a set of predefined codes guided by a relational co-productivist 

framework: (1) meaning (what is the main desirable vision?); (2) doing (what issue(s) is 

the vision addressing? And what material artifacts are needed to achieve the vision?); (3) 

knowing (what type of knowledge are required or recommended to achieve the vision?); 

(4) organizing (what are some proposed governance measures necessary for the vision?). 

We compared these analytical categories to delineate similarities and differences between 
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responses. This organization allows us to discuss findings on knowledge sets, governance 

measures, and material transformations, which underscores how visions are assembled, 

contested, co-produced, and performed in a process that cements power. 

4.1. Results 

4.1.1. Aspirational futures of precision agriculture envisioned by food system actors 

Visions vary among stakeholders in terms of ensuring social acceptance and 

sustainable impacts of the means at hand. Foresight participants held widely different 

perspectives on how PA can impact sustainability in agri-food systems. PA software and 

hardware engineers in SD and VT were generally optimistic about the relationship 

between PA automation and its impact on environmental sustainability. As one 

technology developer in VT put it, with PA implementations increasingly automating 

workflows, stakeholders will have a “better understanding of the inputs that we are 

putting into our fields and making sure that is actually what the crop there needs…we 

will be continuously doing environmental monitoring.” For these participants, ground and 

aerial-based sensors could allow farmers to accurately measure and manage the spillover 

of harmful nutrients from their fields into adjacent streams and waterways. Through more 

societal acceptance of nutrient monitoring technologies, PA technologies were envisioned 

to reduce agriculture’s environmental footprint and even mitigate risks of hypoxia in the 

Chesapeake Bay and the Gulf of Mexico. Newer and low-cost PA sensors were described 

by some participants as a techno-scientific solution to a human and system-induced 

sustainability challenge. 

There are equal considerations at the level of policymaking. Many participants in 

SD and VT envisioned regime-level policy mechanisms, such as markets for ecosystem 
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services as a critical instrument for improving the environmental performance of 

agriculture. As one technology developer in VT put it, with PA implementations 

increasingly automating workflows, stakeholders will have “better understanding of the 

inputs that we are putting into our fields and making sure that is actually what the crop 

there needs…we will be continuously doing environmental monitoring.” Participants 

imagined policy mechanisms such as payments for ecosystem services (PES) to correct 

for the market failure through extensive monitoring of environmental pollution on 

farmland. These policy mechanisms advocated for farmers to be compensated by the 

government for maintaining and improving ecosystem services (e.g., nutrient cycling and 

water provisioning).  

Overall, participants highlighted several opportunities for PA to become generally 

useful and applicable to sustainable agriculture practices. A farmer from South Dakota 

mentioned that their “big audacious goal was a world of food security, sustained 

environments and communities." Another farmer from Vermont envisioned an AI-driven, 

energy-efficient agricultural landscape that is independent of fossil fuels. The farmer 

advocated for technology adaptation based on ecologically sound nutrient cycles, 

emphasizing the need for technology to support small and diverse farms while promoting 

work-life balance. The farmer argued that “we are not going to have fossil fuel tractors 

anymore, needs to be done with electricity or by hand. AI might be the intelligence that 

leads us to the same production we had before while using less energy.” 

We summarize our findings from the previous section in Table 2. Our analysis 

shows PA technologies are imagined to steer sustainability in food systems in different 

ways. These have implications for the role of society and different social actors—
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especially in terms of the disproportionate distribution of risks and benefits across the 

agricultural value chain. There were clear ideological lines drawn between participants in 

SD and VT, such as between those social actors who wanted to maintain the status quo of 

large-scale conventional agriculture and others who supported alternative food 

production systems, such as agroecology, permaculture, and bioeconomy. Many 

participants in SD viewed food security to emerge from no radical changes to the 

dominant or traditional food and agriculture systems. Instead, they imagined PA tools to 

allow sustainable intensification through minor modifications to monocropping food 

production systems. On the other hand, many foresight participants in VT imagined 

radically redesigned food production systems, such as regenerative agriculture, which 

focused on rebuilding soil organic matter and restoring soil biodiversity affected by 

conventional agriculture practices (such as extensive tilling or unsustainable grazing). 

Future triangle dimension Themes 

The pulls of the future  

Visions/images of the future 

Social acceptance of sensor-driven nutrient management 

 

Rise of autonomous farming and payment for ecosystem 

services (PES) 

 

Expansion of sector-specific networks and markets 

The pushes of the present 

What drives change and how 

Data protection around sensor-based monitoring 

 

Technological literacies and capacities 

The weight of the past  

Barriers to visions/images 

Lack of sufficient rural information & communication 

technology infrastructure, educational outreach for 

farmers, consideration for diverse farming systems, and 

regulatory backstops 

 

Inequity in agricultural and food outcomes and insurance 

mechanisms 

 

The power of private actors versus extension agents 

Table 2: A summary of findings based on the Future Triangle 
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4.1.2.  Navigating the landscape of agricultural knowledge for precision agriculture 

adoption 

Notwithstanding the social and ethical challenges of Big Data and AI, including 

concerns about privacy breaches and data ownership present in other attempts to foster 

sustainability through automated business practices, some participants celebrated the 

possibility of completely autonomous farming systems. A technology developer from SD 

observed: “We would envision complete autonomy on the farm, I think it is called level-

five autonomy, but it’s the idea that a human does not need to physically sit in the 

machine.” Other participants raised questions about the future of farmers and farms in a 

hyper-autonomous food production system. Presently, many PA technologies are highly 

complex, require extensive training for users, and are financially infeasible for many 

farmers. These technologies can also challenge farmers’ current knowledge, skills, and 

social norms about agricultural practices. As one regulator from VT argued: “we must 

consider farmers who did not grow up with that technological age as so natural to them, 

or they are not immersed in the same way.” This sentiment was echoed by a farm advisor 

in VT: “We've got farmers that don't even have email accounts and they only have a 

landline. We've got farmers that are using base technology and then we have farmers that 

are using very advanced data analytics and technologies.” 

Participants also highlighted how some of the trustworthy organizations, such as 

the university Extension that provide agronomic and financial advice to farmers, are 

being threatened by university budget cuts and subsequent reduction in personnel. An 

Extension advisor in SD remarked: “in agriculture the reality—especially on the 

agronomy side—is that the private sector has a whole lot of marketing power that we 
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(university extension) just don’t have.” The digitalization in agriculture and changing 

work requirements for advisors to produce individually tailored farming 

recommendations are challenging existing organizations producing and disseminating 

agronomic knowledge to farmers. At the same time, however, PA is opening 

opportunities for new farm advisors who possess the knowledge and skills to interpret 

agronomic and financial farming recommendations made by AI-based DSSs. 

Several participants highlighted the need to steer PA innovation to ensure 

sustainability agendas for different types of farming systems, including non-conventional 

farming. A farmer group in VT contended that because of “growing demand for 

community supported agriculture, food hubs and community gardens, coops, food 

cooperatives, and the demand for local food systems and Fresh Food Networks, new PA 

tools are being developed for not only your conventional agricultural systems but also 

alternative agriculture models, such as hydroponic systems and vertical farming 

systems.” A PA technology consultant from VT recommended that an altogether different 

system of food production was required for transitioning to sustainability: “Regenerative 

land management, where the decisions about farming are decentralization. So, like, 

moving away from concentration of power to more democratization and decentralization 

of power structures, both in the agricultural and political spheres.” Yet technologies are 

contextualized by the political structures that create and manifest them. PA’s impacts are 

interdependent on the constellation of institutions, policies, and regulatory approaches 

(meso-level changes) that can influence how new agricultural technologies influence 

transitions to sustainability. 
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Other concerns were related to usability and interoperability. Decision support 

systems (DSSs) are hardware and software PA tools that utilize big data collected from 

satellites, drones, and ground-based sensors and are analyzed with machine learning 

algorithms to provide site-specific farming recommendations. A few participants 

lamented the low reception of DSSs among farmers due to various meso or regime-level 

factors, including perceived complexities of these tools, unfriendly user interface, 

ambiguous data input requirements, low adaptability to peculiar farm situations, irregular 

information update, and low motivation among farmers to learn and adopt novel PA 

tools. A SD farmer remarked: “Agricultural technology companies can throw all the yield 

map analysis and all the soil analysis they want at us, but if they are not able to translate 

that into software or peripherals that will make my plan to run, none of it does me any 

good.” Against a desire for translating agronomic and climate science for farmers and 

farm advisors, several participants in SD observed that farmer-to-farmer and/or farmer-

to-advisor learning networks can help to connect agronomic knowledge that is being 

produced through PA tools, such as DSSs, with farmers’ tacit knowledge. 

4.1.3.  Envisioning the role of cyber technologies in precision agriculture 

Non-profit participants from South Dakota expressed optimism about future 

technological evolution, envisioning advancements such as automated crop scouting and 

autonomous tractors. They emphasized the importance of adaptable technology that can 

accommodate various management practices. South Dakota participants across various 

sectors emphasized the need for universal access to precision agricultural technology and 

instruments, improved models, and the utilization of big data to its full potential. 

Similarly, participants from Vermont's non-profit sector stressed the importance of 
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technology accessibility in rural areas and advocated for digital technology education in 

agriculture. They emphasized data-driven decision-making and the connection between 

technology and environmental change with open science and data access. Some 

participants were concerned the current PA innovation ecosystem may reinforce 

technological inequity in agriculture. According to a SD farmer, the designers of machine 

learning algorithms and DSSs were producing PA tools that only made recommendations 

for a handful of crops in the Midwestern U.S.: “The bulk of the precision technology is 

going into corn and soybean. Any technology that has spilled over into your specialty 

crops has either been because it was an easy transition or it was on accident. We have 

done lots of specialty crops: millet, lentils, and garbanzo beans. And I asked company X 

to give me a fertility recommendation for millet. And the response from them was what? 

And that [millet] is a primary crop for us. It’s one-third of our acres because we practice 

rotational grazing.”   

Participants anticipated increased automation and enhanced remote and real-time 

sensing for on-farm decision-making. Private sector participants from Vermont 

envisioned a technology-assisted continuous environmental monitoring system, while 

those from South Dakota desired complete autonomy in machinery operation. South 

Dakota participants emphasized the importance of user-centric design in technology 

development, advocating for solutions tailored to the needs of end-users. Private sector 

participants from Vermont discussed the potential of 5G technology in agriculture, 

particularly in enabling in-depth analytics and data acquisition. However, concerns were 

raised regarding data ownership, transparency, and utilization in quality surveillance 

within the food chain. One of the private sector participants from South Dakota said, "We 
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talked about the problem, which is that today, for machine learning, which is a 

component of the future that we think about, most of the expertise in that arena in the 

United States is only in Silicon Valley and only another pocket or two in the country. 

And those people do not have a fundamental understanding of Midwestern agriculture, … 

And so, they are not solving problems that apply to us right now, … We may get those 

solutions later unless we build that expertise inside the Midwest amongst people who 

understand what problems WE need AI to solve, or machine learning to solve."  

Private sector participants from Vermont were hopeful towards technological 

advancements while they discussed the fate of 5G technology. They said, “The 5G 

technology is moving on to the dairy platform which is really going to allow more in-

depth analytics and data acquisition to occur on the landscape side and the dairy farms.” 

They also discussed workflow automation and technology-assisted continuous 

environmental monitoring systems in the future. But they were unsure about data 

ownership, data transparency and how open data sources can be utilized for quality 

surveillance within the food chain. To that one of the private sector participants 

mentioned, "Technology, some paths to the future, we're going to be continuously doing 

environmental monitoring. The whole concept of, like, copywriting data is a question that 

we have." 

The integration of advanced innovation at the farm level encountered several 

obstacles. Farmers from Vermont highlighted a lack of motivation and justification for 

adopting energy-intensive technology, expressing concerns about its ecological footprint. 

Meanwhile, private sector participants from Vermont lamented the limited positive 

impact of technology on public-private partnerships and emphasized the necessity of 
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utilizing data for the public good. They also noted the absence of technology-enabled 

survival strategies for small farms, advocating for adaptive technology solutions. In 

contrast, extension agents from South Dakota expressed optimism, believing that ongoing 

digital developments would facilitate agricultural practices rather than hinder them.  

4.1.4.  How to govern precision agriculture for sustainability? 

Some participants were more cautious than others with the challenges around data 

security, privacy and ownership. Some participants showed higher levels of hesitance to 

install low-cost nutrient sensors on their farm fields. A VT farm advisor observed: 

“Monitoring can raise other challenges that must be addressed adequately. We need more 

data transparency, maybe open data, so it becomes possible to monitor who are doing 

things well, who's doing poorly.” Addressing farmers’ concerns about farm surveillance 

technologies was one of the many social and ethical risks recognized as vital for 

upscaling low-cost nutrient monitoring sensors from small pilot projects to large-scale 

implementation.  

Most participants agreed that for PA to steer sustainability effectively, efforts 

must address farmers’ and civil society groups’ concerns about data ownership and 

privacy. Outside the agriculture sector, several private-sector and state-led efforts are 

ongoing to manage the unintended consequences of emerging technologies, such as AI, 

on people and the environment. For instance, existing guidelines for ethical AI, such as 

the European Commission’s report titled ‘Ethics guidelines for trustworthy AI’ and the 

‘Montréal Declaration for a Responsible Development of Artificial Intelligence 2018’ 

(Université de Montréal, 2018; Fjeld, et al, 2019) highlight that secure, reliable and 
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robust AI-systems where the users have control over their own data can build trust 

between humans and intelligent machines (Floridi, 2019).  

Though not explicitly brought up by workshop participants, similar state and civil 

society-led efforts are being undertaken in VT. In 2019 and 2020, the Vermont Artificial 

Intelligence Taskforce1 held several deliberative conferences on the responsible 

development and use of AI and recommended to the Vermont legislature that “additional 

regulation will be needed in the future” (VT AI Task Force, 2020, pg. 16). At the time of 

writing this paper, SD has yet to launch a formal state-led investigation into the benefits 

or risks of AI. 

Agricultural producers’ anxieties about farm surveillance were not limited to the 

use of nutrient sensors. Almost all modern digital farm equipment is proprietary 

technology, essentially owned by various agricultural technology companies. These 

companies often retain rights to any data from tractors and may even prohibit farmers 

from repairing equipment themselves. A SD farmer explained, “Going forward down the 

road with precision agriculture, one thing that we must talk about is the data lockdown. 

Companies don't let you access your data, don't let you access your equipment.” An 

agronomist in SD suggested that “maybe for big data we should have the same standards 

for the farm data that they have in health, like Health Insurance Portability and 

Accountability Act (HIPAA); use HIPAA as a starting point and then see where we go 

from there.”  

If these considerations of ethics, transparency, usability, and standards are fully 

explored, based on our foresight data, expectations for social acceptance are high. As 

 
1 The Vermont Artificial Intelligence Task Force is a state-led AI task force and was established by No. Act 

137 of 2018 and No. 61 of 2019. 
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agriculture responds to climate change and food insecurity, radically transformed food 

systems are emerging. One of the stronger challenges to sustainability transitions comes 

from intangible regime elements such as those related to social actors’ worldviews and 

paradigms. A PA technology developer from the Midwest argued that the roadblock to 

sustainability is the “lack of public understanding of what food is, and many times, we do 

not know where food comes from. But that is now changing. There is now a greater 

desire for food traceability, the so-called ‘honest food’ trend.” Participants argued PA 

tools such as software, mobile apps, sensors, and telematics could enable improved 

tracking of farming inputs and crop decisions across the entire supply chain. An NGO 

member in the Midwest explained: “we can use PA tools to make small tweaks to make 

row crops (corn, soybean, and wheat) acres more valuable to wildlife. We can start 

looking at edge-of-field conservation practices and then kind of stitch together a 

comprehensive farm landscape that includes both infield and fence lines that drive more 

biodiversity.” Thus, PA technologies were imagined to help producers meet 

commitments for more humane and socially ethical crop and livestock production. 

5.1. Discussion 

The stakes that surfaced in the visioning results are commensurate with 

scholarship in critical social sciences that shows PA technologies can disproportionately 

benefit the conventional or industrial agricultural system at the expense of alternative 

conceptions of agriculture, such as various types of agroecology, including permaculture 

and regenerative agriculture (Klerkx & Rose, 2020; Bronson, 2020). There is a legitimate 

concern that innovation pathways to sustainability in agriculture through PA that 

perpetuate the status quo agricultural system may replicate unequal power relations 
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between food system actors, specifically between small-scale and diversified production 

systems, such as those producing millets and lentils, and large-scale monoculture farming 

systems producing corn and soybeans (Bronson, 2020). 

Visions discussed in our foresight discussions revealed that the extent of the 

autonomy and sustainability PA may achieve can depend on the ethical orientation and 

usability of different technologies toward social acceptance as well as the evolution of 

policy mechanisms and crop insurance policies. The need to reskill farm labor, build 

knowledge networks, and balance different knowledge sets, such as expert and tacit 

knowledge, as well as institutional and emergent knowledge for PA technologies, was 

highlighted by several foresight participants. The specific need for reskilling in light of 

automation corresponds with prior research identifying similar needs in using predictive 

analytics toward sustainability efforts such as the circular economy (Dubey et al., 2019; 

Jabbour et al., 2019). Regarding predictive analytics, this applies to corporate actors 

reconfiguring supply chains in light of their environmental impact; with strives toward a 

circular economy, more eco-conscious modes of production and consumption will 

depend on big data aggregation and dissemination. Though these concerns manifest 

across different sectors and applications within a digitalized economy, one of the most 

prominent governance challenges discussed in our foresight work is anticipating 

disruptions to rural societies sufficiently and not simply relying on technological 

solutions to enact productive and environmental sustainability. New digital technologies, 

as detailed in our foresight discussions, come with complexities in their design, bringing 

unintended consequences, challenging existing knowledge sets, and stoking fears among 

users about surveillance and proprietary use. 
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Previous research on agriculture and food systems has highlighted several meso- 

and macro-level factors responsible for transitioning food systems toward sustainability. 

External trends and exogenous factors constituting the socio-technical landscape, such as 

climate change, globalization, population growth, international financial crisis, changes 

in consumer preferences and diets, and international trade and human rights treaties can 

influence how actors and organizations develop PA for sustainability (Hassink et al., 

2018; Konefal, 2015; Immink et al., 2013). Macro-level conditions press agricultural 

systems and actors to commit to more responsible innovation practices. For example, the 

current political trends associated broadly with principles of technological autonomy and 

sovereignty, like the “right-to-repair” movement in the US, Canada, and Australia, are 

opening spaces for farmers to push back against corporate control over repairs to digital 

technologies (Clapp & Ruder, 2020). Currently, many new tractors come with ‘digital 

locks’ that impede farmers’ ability to repair (Carolan, 2017). Through small-scale online 

platforms that serve as niches, farmers are reclaiming their equipment back from large 

corporations through networks of knowledge sharing and collaboration. Our paper 

acknowledges that future research can benefit from bridging STS research on visions 

with sustainability transitions research, and thereby more thoroughly interrogate the 

socio-technical conditions prevailing at the niche (micro), regime (meso), and landscape 

(macro) levels, to understand not only what actors envision PA to do, but also how their 

visions can transition food systems toward sustainability (Pigford et al., 2018). 

In turn, our results can inform the field of sustainability transition studies (STs) 

(van den Bergh et al., 2011; Markard et al., 2012), which underscores inclusive 

engagement spaces where stakeholders can deliberate on transitioning current production 
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and consumption systems (Kohler et al., 2019; Pigford et al., 2018). Through well-crafted 

deliberation processes, social actors and organizations in the food system can anticipate 

diverse transition pathways—adding alternatives to the assumed normal. One goal is to 

avoid “lock-ins” or “practices and ideas that become entrenched even though they 

produce lower social utility than the alternatives (e.g., high levels of red meat 

consumption, the standard keyboard arrangement, and the carbon economy)” (Carolan, 

2020, p. 4). These arenas can help generate a range of perspectives, interests, and 

concerns of a diaspora of social actors in the food system, including farmers, technology 

designers, and the government. These can include radical or experimental PA approaches 

and tools, such as smart weed-killing robots that reduce the need for herbicide and 

pesticide use in food production systems (Fennimore, 2017). Niches in agri-food systems 

could also imply alternative ways of conceptualizing agricultural systems, such as 

organic production, community-supported agriculture, farmers’ markets, and agroecology 

(Konefal, 2015). The emergence of these niche innovations depends on farmers’ social 

support, such as a network of other farmers, highly skilled farm support personnel, and 

competent agriculture supply chain actors (e.g., seed, chemical, and PA equipment 

dealers). Niche processes also depend on the purposive direction of niche actors (e.g. 

farmers and their advisors). For instance, Vivero-Pol (2017) shows that some farmers’ 

desire for transitioning to non-hegemonic systems of agriculture (e.g., agroecological 

farming) depends on the normative view of food held by them, such as thinking of food 

as a human right instead of a tradeable and monetized commodity. Normative values held 

by farmers can inform food system transition trajectories at the niche level. Sustainability 

transitions, in general, require “negotiating the structures and forces outside the 
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protective niches’ (Hinrichs, 2014, p. 148). This necessitates interrogating not only 

“individual socio-technical systems and niche innovation journeys” (Rosenbloom, 2020, 

p. 336), but also ecological, material, and sociopolitical condition, called as ‘regimes,’ 

which affect different forms or structures of social and technological relations (Geels, 

2002). 

6.1. Conclusion 

For this research, we deployed foresight to prompt participant reflection and 

deliberation. Our goal was to examine how everyday practice may lead to future 

consequences and how participants project their assessments of the present into the 

future. Foresight helps assess as a collective what we currently know, what might come 

about, what drives or impedes innovation, and what should be done to make 

transformation happen. While our findings correspond with foresight analyses focused on 

other facets of digital economies in terms of how to train, how to build, how to assure 

privacy, how to ensure interoperability, and how to upscale,  

Understanding how innovation in PA disrupts existing farming knowledge is 

important. As Kemp (1997, p. 7) observes, technology “is frequently used to encompass 

both the knowledge itself and the tangible embodiment of that knowledge.” PA tools are 

changing existing social practices toward less “hands-on” functions (Higgins et al. 2017). 

Changes in farm work will impact not only what a farmer does, but also what it means to 

be a ‘good’ farmer (Gardezi & Bronson, 2019). Instead of cultivators working on their 

fields, reconfiguration of agrarian labor could cast farmers as making choices by 

‘pressing on buttons’ within the confines of their office spaces (Tsouvalis et al., 2000). 

The impact of PA on sustainability depends on whether reconfiguration of farm work and 
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workers can be managed toward fewer distributional impacts on people and the 

environment (Ogunyiola et al., 2022). Transforming the world’s food and agriculture 

systems in a sustainable manner to ensure food security and environmental sustainability 

is a priority for many countries, international development organizations, and industries. 

Proponents of PA hope that the growth of big data, computational power, and algorithmic 

capacity will bring sustainability to food and fuel production (Bronson, 2020). Through 

precise collection of environmental data, PA is envisioned to improve agricultural 

decision-making that will include more targeted application of chemical fertilizers and 

pesticides. While these technologies may have the potential to enhance farm productivity, 

reduce greenhouse gas emissions (GHGs), decrease farm management costs, and improve 

food chain coordination between producers and consumers (Bilali & Allahyari, 2018; 

Balafoutis et al., 2017; Bongiovanni & Lowenberg-Deboer, 2004), they also have 

potential to create unintended social and ethical risks for farming and non-farming 

stakeholders. This paper shows that although PA can reconcile some of the demands for 

environmental and economic sustainability in agriculture, the road to social and ethical 

aspects of sustainability through PA is fraught with uncertainties relating to the future 

arrangement of food systems, the expectations of benefits and risks of new and existing 

technologies, uneven adoption of agricultural technologies, the ambiguities of governing 

new technologies, such as artificial intelligence and machine learning algorithms, and the 

promises and perils of technologies to tackle some of the most serious issues pertaining to 

climate change and non-point source pollution. 

 This paper attends to the performative nuances of the visions of PA and asks the 

following research question: How do different actors in the food system envision PA to 
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address issues of sustainability? By utilizing empirical data collected from foresight with 

a wide range of food system actors, we are able to allow these social actors to anticipate 

some of the opportunities and risks that PA may offer for agriculture’s future 

sustainability and propose visions under which PA can better facilitate this socio-

technical transition in the rural society. This study examines the impacts of PA on 

sustainability across two widely different food and agricultural production regions in the 

US: South Dakota and Vermont. These sites are geographically and socio-politically 

heterogeneous, which proves to be an important intellectual contribution to the 

sustainability transitions research in agriculture. By interrogating the meaning and 

understanding of sustainability under PA for a range of food production systems, such as 

conventional agriculture and traditional agricultural systems, we avoid the intellectual 

trap of assuming some socio-technological pathways as preferred and urgent and thus 

without alternatives. Instead, by engaging with actors in these heterogenous food 

production regions, we are able to take a more circumspect approach in which all 

possible social and technological pathways are evaluated not only in terms of their 

expected future impacts but also by comparison to alternative systems of food 

production. PA is introduced in a complex web of social and political interactivities. It is 

pertinent to see how it will respond to the social and political challenges of transitioning 

agriculture to sustainability. Future research should examine why some visions are made 

thinkable more than others in these imaginaries and how politics and power in food 

systems shape trajectories for science and innovation. 
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CHAPTER FIVE 

Conclusion 

Agriculture is undergoing a significant transformation in this era of accelerating 

digitalization, primarily driven by the strategic influence and market pressure exerted by 

corporate actors, technology developers, and policy institutions seeking to embed data-

driven tools and platforms throughout the agricultural value chain. At the same time, 

there is ongoing hesitancy among end-users to adopt such technologies due to various 

socio-economic, ethical, and contextual concerns, including, but not limited to, 

infrastructure limitations, digital literacy gaps, and ethical misalignments, to name a few. 

This research is situated within this contradiction and asserts the need for a value-based 

inquiry, one that critically examines how digital technologies are shaped, whose purposes 

they serve, who gets to participate in their design and governance, who is represented or 

left out, and what socio-political consequences they produce for those expected to adopt 

them. More specifically, by taking an approach of RRI, this study explores how PA 

technologies influence agrarian decision-making. 

This dissertation is structured in a three-paper format, with each paper designed to 

explore a different facet of how digital technologies influence agrarian decision-making 

in the context of PA. The first paper examines data justice concerns related to data-driven 

PES programs as perceived by farmers, thus aligning with the inclusion dimension of the 

RRI framework by focusing on farmers’ perceptions of data governance surrounding 

digital PES systems. The second paper investigates how variations in Certified Crop 

Advisors’ (CCAs’) affinity for technology interaction affect their engagement with digital 

decision-support tools. It therefore aligns with the inclusion dimension of the RRI 
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framework by identifying and acknowledging diverse user categories among CCAs based 

on individual affinity for technology interaction. The third paper analyzes how different 

agricultural actors anticipate the role of PA in shaping the future of sustainable 

agriculture. This study leverages the anticipation and inclusion components of RRI by 

incorporating a foresight study while considering the perspectives of various members of 

the agrarian community.  

Overall, the findings across these three research focuses reveal that the current 

system of digital technology development in agriculture is deeply flawed, driven more by 

profit, scalability, and efficiency than by equity, inclusiveness, or justice. Technology 

developers rarely invest in understanding the diverse realities of end users, including 

farmers, advisors, nonprofit actors, and other stakeholders. Their preferences, 

infrastructural limitations, land size diversity, economic capacity, and digital cognitive 

orientations are largely overlooked in the design process. Consequently, digital 

agriculture remains dominated by one-size-fits-all solutions that primarily cater to large-

scale operations capable of adopting and influencing such technologies. Smallholders and 

less-resourced actors are often excluded, reinforcing structural inequalities. 

Rather than emerging from participatory, context-aware innovation pathways, 

many digital tools are released prematurely, lacking sufficient field validation, user 

feedback, or regulatory oversight. The rhetoric of digitalization is often cloaked in 

technical language and obscurity, becoming a tool of hegemony. Powerful private actors 

shape data governance, interpret outcomes, and set the conditions for participation, 

frequently without transparency or consent. End users have limited decision-making 

power, no true data ownership, and few avenues for redress. This erodes trust in data-
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driven systems, leading to reduced participation and engagement. Yet, these technologies 

require broad, diverse, and high-quality datasets to function effectively. Without 

equitable and inclusive participation, their accuracy, reliability, and long-term value are 

compromised.  

Findings also reveal that while there are multiple interpretations of what 

sustainability means across the agricultural landscape, the current digital transformation, 

or the techno-optimistic framing of digital agriculture, does not accommodate this 

diversity. For example, in the foresight study, stakeholders articulated contrasting visions 

of agricultural futures: some centered on automation, data efficiency, and scale, while 

others emphasized ecological integrity, local knowledge, and social equity. Similarly, in 

the PES study, farmers raised concerns about digital tools that prioritized measurable 

outputs and market logic over context-specific realities and long-term stewardship. Taken 

together, these perspectives suggest that dominant actors, often motivated by profit, 

promote a narrow, technocratic vision of sustainability that aligns with their interests. 

This selective framing risks marginalizing alternative perspectives rooted in ecological 

knowledge, local culture, and social equity. As a result, digital interventions often 

become disconnected from on-the-ground realities and reinforce elite-driven agendas. 

When sustainability becomes a tool for branding rather than a shared, negotiated goal, its 

ethical and political integrity is compromised, and the broader interests of society are 

sidelined. 

The lack of strong agricultural data governance frameworks exacerbates this 

issue. Policies governing ownership, privacy, and accountability are either 

underdeveloped or non-existent. As the industry moves towards digitization, it is 
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essential to question: Where are we as a community of practice headed? Is the 

agricultural system becoming a means for corporate control, jeopardizing the public 

good? Are we merely waiting for harm to happen before we establish the necessary rules 

and safeguards? These insights highlight that without a democratic and justice-focused 

reevaluation of digital agriculture, its tools might deepen inequality rather than promote 

transformation. The challenge extends beyond technology to encompass ethical, political, 

and systemic dimensions. 

Overall, the research suggests a need for the democratization of the technology 

development process, promoting inclusivity, participation, and a focus on equity and 

justice. This encompasses establishing collaborative structures that allow diverse 

perspectives to significantly influence every stage of technological development, 

ensuring that tools are technically sound, socially grounded, accessible, and responsive to 

real-world needs. It emphasizes the importance of legal and institutional frameworks that 

protect the interests and rights of less powerful actors, particularly concerning the 

governance and ethical use of agricultural data. This approach tackles current power 

imbalances and fosters innovative environments where different visions of sustainable 

agriculture can thrive. It steers technological progress toward outcomes that benefit not 

just individual sectors but society as a whole. 

There are several limitations associated with this dissertation that should be 

acknowledged. First, each of the three studies, though intentionally designed to capture 

diverse stakeholder perspectives, was limited in scope and scale. The qualitative inquiry 

with farmers that focused on capturing their lived experiences with data-driven PES 

systems was based on a small sample from Virginia, Vermont, and South Dakota, making 
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the findings non-generalizable. The study that tried to capture the anticipated contested 

future of PA was geographically constrained to South Dakota and Vermont and relied on 

a relatively small number of participants per stakeholder group. In both studies 

mentioned above, which were inherently qualitative inquiries, the analytic process 

involved interpretive coding, though systematically applied, and is subject to researcher 

bias and theoretical framing. Although the survey-based study, administered across the 

United States, Mexico, and Canada to explore how CCAs interact with DSSs, might have 

faced potential response bias due to its online format and the timing of distribution during 

a busy agricultural season, which may have reduced participation among CCAs.  

Aligning with my overarching research approach rooted in Responsible Research 

and Innovation (RRI), this dissertation emphasizes the need for an inclusive approach to 

ensure that agricultural innovation is participatory, context-sensitive, and aligned with the 

broader public good. From farmers’ diverse perspectives on data justice concerns within 

Payment for Ecosystem Services (PES) programs, to the identification of distinct 

categories of end users of decision-support tools based on their varying levels of 

technological affinity, to the articulation of multiple, and at times competing, visions of 

sustainability in the future of digital agriculture, each study underscores the critical 

importance of including a wide range of voices in shaping the direction of technological 

change. 

At the same time, this research recognizes the significant influence of powerful 

actors in society on the future of digital agriculture, often marginalizing the perspectives 

of less powerful actors. This highlights the importance of incorporating an anticipatory 

component into the digital innovation process, which poses the question: What can we do 
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today to create a better, more just agricultural future tomorrow? More than simply 

forecasting impacts, this requires us to critically reflect on and challenge the dominant 

techno-optimistic visions currently shaping digital agriculture while creating space for 

alternative imaginaries and futures grounded in diversity. 

Taken together, the findings of this dissertation call for a transformative shift in 

how digital agriculture is conceptualized, developed, and governed. Beyond critiquing 

existing systems, this research offers a way for reimagining agricultural technologies as 

democratic, inclusive, and ethically grounded tools that support, not override, local 

knowledge, ecological sustainability, and social equity. While bounded by 

methodological and contextual limitations, the insights presented here provide a timely 

intervention into the ongoing debates surrounding data governance, technological design, 

and sustainability futures in agriculture. Ultimately, this work advocates for a more 

reflexive, participatory, and justice-centered approach to innovation, one that reimagines 

agricultural technology not as a tool for private profit but as a collective resource that 

advances equity, sustainability, and the broader public good. Unless digital agriculture is 

reimagined as a participatory, justice-centered endeavor, it risks deepening the 

inequalities it claims to address, turning technological progress into a new site of 

exclusion rather than empowerment.



 

 


