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Abstract 

Artificial intelligence (AI) is increasingly discussed as a promising tool for improving decision-
making in agriculture. In dairy farming, AI-based decision-support technologies may help 
farmers optimise feeding strategies, improve efficiency and potentially contribute to more 
sustainable farm management. However, the adoption of such technologies is not self-evident. 
This study therefore examines the drivers and barriers in the adoption of AI-based decision-
support technologies among Dutch dairy farmers. 

The study uses a qualitative research design based on semi-structured interviews with eight 
Dutch dairy farmers. Respondents were presented with a scenario of an AI-based feeding 
optimisation tool that analyses farm data and provides recommendations on ration and feeding 
strategy. The interview data were analysed through a deductive–inductive thematic approach. 

The findings show that dairy farmers are generally open to AI-based decision support, but only 
under clear conditions. Adoption intention is shaped by the combined evaluation of perceived 
usefulness, practical feasibility, trustworthiness and economic value. Farmers saw potential 
value in improved decision support, faster insights, greater objectivity and possible cost 
savings. At the same time, they expressed concerns about whether such a tool would fit daily 
farm routines, adequately reflect biological and environmental variability and generate 
sufficient economic return. Trust emerged as a central condition for adoption and depended on 
transparency, proof in practice and the retention of farmer judgement. 

The study concludes that the adoption of AI-based decision-support technologies in Dutch dairy 
farming is best understood as a conditional and context-dependent process rather than as a 
straightforward response to technological potential. The findings contribute to the literature on 
agricultural technology adoption, technology acceptance and trust in AI by showing how these 
dimensions are intertwined in a dairy farming context. Practically, the study suggests that 
successful implementation of AI in dairy farming requires tools that are not only technically 
advanced, but also explainable, feasible and clearly valuable under real farm conditions. 
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1. Introduction 
1.1 Background and context 

Dutch dairy farming is operating in a context of growing economic and sustainability-related 
pressure. Dairy farmers are expected to remain economically viable while at the same time 
responding to stricter environmental requirements and broader societal concerns about the 
future of agricultural production. In such a context, innovation is increasingly relevant not 
only as a means of improving efficiency, but also as a way of supporting more resilient and 
sustainable forms of farm management. Recent sector data illustrates that with fewer farms, 
larger average herd sizes and increasing production per farm (CBS, 2025; WUR, 2024). 

At the same time, dairy farming is not only under economic pressure, but also increasingly 
shaped by sustainability-related expectations and policy demands. The Dutch government 
explicitly links the future of agriculture to targets for nitrogen, CO2 and water, and has 
formulated sector-specific reduction goals for agriculture alongside area-based steering and 
innovation measures. This means that dairy farmers are expected to remain economically 
viable while also operating within a tightening sustainability and regulatory context 
(Rijksoverheid, 2026).   

In this context, innovation is not judged only in terms of technical novelty or short-term 
profitability. Rather, technologies are increasingly assessed in terms of whether they can 
support more sustainable and resilient forms of value creation. This broader perspective aligns 
with sustainable entrepreneurship, which emphasises forms of innovation that combine 
economic viability with wider social and environmental relevance (Shepherd & Patzelt, 
2011). Within agriculture, digital technologies are often discussed as tools that may improve 
decision-making and support more efficient and resilient farming systems, but their benefits 
do not emerge automatically and depend on how they are implemented and governed in 
practice (Finger, 2023). Thus, the relevance of digital innovation in dairy farming lies not 
only in its technical potential, but also in whether it can create value under real farm 
conditions. 

One technological development that has received increasing attention in this regard is 
artificial intelligence (AI). In dairy farming, AI is increasingly discussed as a means of 
analysing farm data and supporting more data-driven forms of management (Palma et al., 
2025). This is especially relevant because many dairy farms already generate substantial 
amounts of operational and animal-related data through technologies such as milking robots, 
monitoring systems and digital farm management software. In principle, AI may therefore 
create new opportunities to support farm-level decision-making.  

1.2 Problem statement and research gap 

The broader literature on agricultural technology adoption suggests that innovations are not 
adopted simply because they are technically promising. Instead, adoption depends on how 
technologies are evaluated under the practical and economic conditions of farming, including 
uncertainty about benefits and the fit with existing farm practices (Chavas & Nauges, 2020; 
Pathak et al., 2019). This is particularly relevant in the case of AI-based decision-support 
technologies, because their practical value depends not only on technical performance, but 
also on whether potential users regard them as relevant and workable in daily farm 
management. 



This issue becomes particularly visible in dairy farming. Although academic attention for AI 
applications in dairy farming is growing, much of the existing literature focuses on technical 
development, predictive models, monitoring systems, and potential use cases. Comparatively 
less attention appears to have been paid to how dairy farmers themselves evaluate a concrete 
AI-based decision-support application and under which conditions they would consider such a 
tool relevant for their own farm. In other words, there is still limited empirical understanding 
of how intended users assess the practical and economic value of AI-based support under 
everyday farm conditions (Espinoza-Sandoval et al., 2024). 

This gap is especially relevant in the case of AI-based feeding optimisation. Feeding decisions 
in dairy farming are economically important because they are closely connected to feed costs, 
production performance and efficiency outcomes. At the same time, they are deeply 
embedded in farm routines and influenced by biological and environmental variability. 
Existing research suggests, for example, that weather conditions can affect feed intake and 
feed efficiency over time, indicating that feeding management cannot simply be treated as a 
fully standardised optimisation problem (Hill & Wall, 2017). An AI-based feeding 
optimisation tool therefore provides a concrete and analytically relevant case through which 
to examine how dairy farmers evaluate the promise of AI-based decision support in practice. 

The central problem addressed in this thesis is therefore the following: although AI-based 
decision-support technologies are increasingly discussed as promising tools for dairy farm 
management, it remains insufficiently understood how dairy farmers themselves evaluate such 
technologies and how these evaluations shape their willingness to adopt them. This problem is 
academically relevant because it lies at the intersection of digital agricultural innovation, 
technology adoption and farmer-centred evaluation. It is also practically relevant because the 
eventual success of AI-based systems depends not only on their technical sophistication, but 
also on whether intended users consider them acceptable and valuable. 

1.3 Research aim and research question 

The aim of this study is to explore how Dutch dairy farmers perceive an AI-based feeding 
optimisation tool and how these perceptions shape their intentions to adopt such a technology. 
To address this aim, the study uses a qualitative research design based on semi-structured 
interviews with Dutch dairy farmers. Respondents were presented with a concrete AI-based 
decision-support scenario in which a tool analyses farm data, such as feed composition, milk 
production and animal performance indicators, and provides recommendations on how the 
ration or feeding strategy could be adjusted. 

The central research question guiding this thesis is: 

What drivers and barriers exist in the adoption of AI-based decision-support 
technologies among Dutch dairy farmers? 

To answer this question, the study focuses on two sub-questions: 

1. How do Dutch dairy farmers perceive the usefulness, usability, trustworthiness, 
and economic value of AI-based decision-support technologies? 

2. How do these perceptions influence their intentions to adopt such technologies? 



These sub-questions reflect the idea that adoption is not a simple yes-or-no response to 
innovation, but the outcome of how farmers evaluate a technology across multiple 
dimensions. 

1.4 Relevance of the study 

From an academic perspective, this study contributes to the emerging literature on AI in dairy 
farming by shifting attention from technological potential to farmers’ own evaluations of a 
concrete AI-based decision-support application. More specifically, it examines how the 
perceived usefulness, practical feasibility, trustworthiness and economic value of an AI-based 
feeding optimisation tool shape adoption intention in a dairy farming context. In doing so, the 
study contributes empirical insight into a research area that is still developing and that has so 
far paid more attention to technical possibilities than to farmer-centred evaluation. 

From a practical perspective, the study is relevant for developers of agricultural AI tools, 
technology providers, advisors and policymakers. If AI-based decision-support systems are 
expected to support more efficient and potentially more sustainable dairy farming, it is 
important to understand under which conditions farmers would actually consider such tools 
acceptable and valuable.  

 

 

 

 

 

 

 

 

 



2. Theory 
2.1 Literature review 

Sustainable entrepreneurship is commonly understood as entrepreneurial activity that seeks to 
combine economic value creation with broader social and environmental value. Rather than 
focusing only on profit, it concerns entrepreneurial action aimed at sustaining nature, life-
support systems and communities while developing products, processes and services that 
generate both economic and non-economic gains (Shepherd & Patzelt, 2011). In agricultural 
contexts, this broader perspective is particularly relevant, because innovation is often assessed 
not only in terms of profitability, but also in terms of efficiency, resilience and sustainability 
performance. 

Recent literature on digital innovation in agriculture suggests that technologies such as AI, 
data analytics and connected digital systems may contribute to more sustainable and resilient 
agricultural systems by improving decision-making, resource efficiency and adaptive 
capacity. At the same time, these benefits are not automatic. Digital innovations may also 
involve new costs, risks and adoption challenges, meaning that their contribution to 
sustainability depends on how they are governed and implemented in practice (Finger, 2023). 
AI-based decision-support in dairy farming can therefore be positioned as relevant within the 
broader field of sustainable entrepreneurship and sustainable agricultural innovation, but its 
actual value depends on whether farmers perceive such tools as useful, trustworthy and 
economically worthwhile. 

This literature review therefore moves from broad to specific. It first discusses AI in dairy 
farming, then examines the adoption of agricultural technologies, followed by technology 
acceptance and economic decision-making, and finally trust and usability in AI systems. 
Together, these literature streams provide the theoretical basis for the conceptual framework 
used in this study.  

2.1.1 Artificial intelligence in dairy farming 
The literature shows that AI and data analytics are increasingly being applied in dairy 
farming. Existing review studies point to applications in areas such as disease detection, milk 
production, and broader decision support for dairy farm management, while more 
comprehensive reviews also highlight applications in feeding, breeding, animal behaviour, 
and resource management (Palma et al., 2025; Slob et al., 2021). This suggests that AI is no 
longer a marginal topic in dairy science, but an increasingly important part of digital dairy 
farm management. At the same time, the literature suggests that many AI applications in dairy 
farming remain focused on specific use cases, while wider integration into farm-level 
decision-support systems is still limited by challenges such as data integration (Espinoza-
Sandoval et al., 2024). 

A central insight in this literature is that AI becomes especially relevant when it is used not 
only for prediction, but also for decision support. Dairy farms generate large quantities of data 
through sensors, monitoring technologies and feed systems, and AI is often presented as a 
way of translating these data into more actionable and timely management advice (Palma et 
al., 2025). However, several studies also stress that this potential is difficult to realise in 
practice because data often remain distributed across disconnected systems. Challenges 
related to data integration, the use of multiple data sources and the practical implementation 
of AI systems remain important barriers in dairy farming (Espinoza-Sandoval et al., 2024; 



Neethirajan, 2024). The literature further points to a clear gap between technological promise 
and farm-level implementation. Although many studies show promising technical 
applications, real-world deployment remains uneven and several authors note that AI tools are 
often developed in academic or technical settings while implementation on farms is more 
limited (Espinoza-Sandoval et al., 2024). This makes it important to study AI in dairy farming 
not only as a technical innovation, but also as a socio-technical one, in which farmer 
perceptions, practical fit and adoption conditions matter. This is particularly relevant for AI-
based feeding optimisation tools, because their value depends on whether farmers see them as 
meaningful and workable within everyday management. 

2.1.2 Adoption of agricultural technologies 

The broader literature on agricultural technology adoption shows that adoption is rarely a 
straightforward response to technical superiority alone. Instead, adoption is shaped by a 
combination of expected benefits, uncertainty, complexity, compatibility with existing 
practices, access to information and learning processes (Chavas & Nauges, 2020; Pathak et 
al., 2019; Pierpaoli et al., 2013). This means that even technologically promising innovations 
may not be adopted if farmers do not regard them as sufficiently useful, practical or 
worthwhile under the specific conditions of their farms. 

Reviews of precision agriculture adoption similarly show that factors such as relative 
advantage, complexity, compatibility and investment cost play an important role in shaping 
farmer decisions (Pathak et al., 2019; Pierpaoli et al., 2013). Adoption is therefore not 
uniform across farms, but highly context-dependent. Farm-specific characteristics such as 
infrastructure, knowledge, labour and existing routines may influence whether a technology is 
regarded as attractive or feasible. This is especially relevant for AI-based decision-support 
tools, which often depend on digital readiness and the ability to incorporate new tools into 
existing management systems. 

Another important insight from the adoption literature is the role of uncertainty and learning. 
Farmers often make investment decisions under imperfect information and uncertain future 
returns. Under such conditions, they may delay adoption, wait for more information or learn 
from the experiences of others before deciding to invest (Chavas & Nauges, 2020). Adoption 
can therefore be gradual, cautious and conditional rather than immediate. This is particularly 
relevant for digital and AI-based technologies, whose benefits may be promising but difficult 
to verify in advance. The adoption literature thus suggests that farmer responses to AI-based 
feeding tools are likely to depend not only on the technology itself, but also on how farmers 
interpret its risks, uncertainties and farm-specific fit. 

2.1.3 Technology acceptance and economic decision-making 

A useful theoretical lens for understanding these evaluations is the Technology Acceptance 
Model (TAM). TAM proposes that behavioural intention to use a technology is primarily 
shaped by two key perceptions: perceived usefulness and perceived ease of use (Davis, 1989). 
Perceived usefulness refers to the extent to which a user believes that a technology will 
improve performance, whereas perceived ease of use concerns the extent to which the 
technology is experienced as easy to use. In this sense, TAM focuses on how prior 
perceptions of a technology shape intention to adopt it. 



Agricultural applications of TAM suggest that these constructs remain relevant in farming 
contexts. McCormack et al. (2022), for example, show that perceived usefulness and 
perceived ease of use positively influence farmers’ intentions to adopt an online nutrient 
management plan, with perceived usefulness emerging as the main driver. Similarly, Naspetti 
et al. (2017) apply an extended TAM in a dairy-farmer context and include perceived 
usefulness, perceived ease of use and intention to adopt as central constructs in farmers’ 
evaluations of sustainable production strategies. These studies suggest that farmers are more 
likely to consider digital support technologies when they believe that the technology provides 
meaningful support and can be used without excessive difficulty. 

However, TAM alone does not fully capture the economic logic of agricultural decision-
making. In farming contexts, technology adoption is also closely tied to expectations about 
costs, returns and investment risk. This is why economic adoption literature remains 
important as a complement to TAM. Whereas TAM explains why a technology may be seen 
as useful or easy to use, agricultural economics highlights that farmers also assess whether a 
technology is financially worthwhile under uncertain conditions (Chavas & Nauges, 2020). 
For the present study, this implies that perceived usefulness and usability should be 
considered alongside perceived economic value, including expected return on investment, 
cost savings and investment conditions. 

2.1.4 Trust and usability in AI systems 

In the case of AI-based systems, perceived usefulness and usability are not sufficient on their 
own. The literature suggests that trust is a crucial condition for AI acceptance as well, 
especially in sectors such as agriculture, where decisions are embedded in practical 
experience, uncertainty and responsibility for animals and farm performance. Trust in AI does 
not simply depend on whether the system produces an output, but on whether users regard 
that output as understandable, reliable and compatible with their own judgement (Gardezi et 
al., 2023; Alexander, 2023). 

A major theme in this literature is the importance of transparency and explainability. Studies 
on AI in farming emphasise that users may hesitate to rely on recommendations that appear 
non-transparent or difficult to interpret. Explainability matters because it helps users 
understand why a recommendation is made and whether it fits with their own practical 
reasoning. Closely related to this are issues of accountability and fairness, both of which 
influence whether AI systems are perceived as trustworthy (Gardezi et al., 2023). In this 
sense, trust is shaped not only by outcomes, but also by whether the decision logic of the 
system can be understood and justified. 

A second important theme concerns data ownership, privacy and governance. The smart 
farming literature shows that concerns about who controls farm data, how data are shared and 
how privacy and security are protected can affect trust in digital technologies. Rouzky et al. 
(2026) highlight the absence of standardized governance frameworks, limited exploration of 
security mechanisms and insufficient farmer awareness regarding data privacy and security. 
This suggests that trust in AI-based farming systems is not only about recommendation 
quality, but also about the governance arrangements surrounding the technology. 

Finally, the literature suggests that AI is more likely to be accepted when it is positioned as 
support for human judgement rather than as a replacement for it. Alexander (2023) emphasise 
that building trust in AI agriculture and food system technologies depends in part on whether 



these technologies are compatible with existing practices and infrastructure, while also being 
embedded in clearer responsibility arrangements. This is highly relevant for AI-based feeding 
tools, because feeding decisions are shaped not only by data, but also by biological and 
environmental variability. For example, weather conditions can influence feed intake and feed 
efficiency over time, which supports the idea that feeding management cannot always be 
reduced to a fully standardised computational task (Hill & Wall, 2017). 

2.2 Conceptual framework 

The literature reviewed above suggests that the adoption of an AI-based feeding optimisation 
tool among dairy farmers depends on more than the technical potential of AI alone. First, farm 
context matters, because technology adoption is shaped by farm-specific characteristics, 
available infrastructure, existing routines and broader openness to innovation. Second, 
farmers are likely to evaluate the proposed tool in terms of its perceived usefulness, that is, 
whether it can support decision-making, improve management and add practical value. Third, 
they are likely to assess its usability and trustworthiness, including ease of use, practical 
feasibility, transparency and compatibility with their own judgement. Fourth, they are likely 
to evaluate its economic value, including expected returns, cost savings and investment 
conditions. Together, these dimensions shape adoption intention. 

Based on these insights, this study uses the conceptual framework shown in Appendix A. The 
framework proposes that farm context shapes how dairy farmers interpret the AI feeding and 
optimisation scenario, and that this interpretation occurs mainly through four evaluative 
dimensions: perceived usefulness, perceived usability and practical feasibility, trust in AI and 
perceived economic value. These dimensions subsequently influence adoption intention. The 
model is deliberately focused and exploratory. Rather than testing causal relationships 
statistically, it provides an analytical structure for examining how Dutch dairy farmers 
perceive an AI-based feeding optimisation tool and how these perceptions shape their 
intentions to adopt such a technology. 

 

 

 

 

 

 

 

 

 



3. Methodology 

3.1 Research design 

This study adopts a qualitative and exploratory research design. A qualitative approach is 
appropriate because the aim of the study is not to test causal relationships statistically, but to 
explore how Dutch dairy farmers perceive AI-based decision-support technologies and how 
these perceptions shape their intentions to adopt such tools. Qualitative research is particularly 
suitable for examining meanings, interpretations and experiences in contexts where limited 
empirical insight is available and where perceptions are expected to be context-dependent 
(Creswell & Creswell, 2017). 

The study focuses on an AI-based feeding optimisation scenario in dairy farming. This 
scenario-based approach was chosen because many farmers do not yet use such a tool in 
practice, while they may still be able to reflect on its potential value, feasibility and 
desirability when presented with a concrete and realistic use case. In this way, the study 
explores how farmers evaluate a specific AI application rather than the abstract idea of AI in 
general. 

3.2 Research context 

The empirical focus of this study is on Dutch dairy farming. This context was selected 
because dairy farming is increasingly characterised by digitalisation, data generation and 
pressure to improve efficiency and sustainability, making it a relevant setting for studying 
perceptions of AI-based decision-support technologies. At the same time, feeding decisions in 
dairy farming are complex and shaped by farm-specific, biological and economic conditions. 
This makes dairy farming a suitable context in which to examine how farmers assess the 
practical and economic value of an AI-based decision-support tool. 

The study examines farmers’ perceptions of a hypothetical AI-based feeding optimisation 
tool. The scenario describes a system that analyses farm data, such as feed composition, milk 
production and animal performance indicators, and then provides recommendations on how 
the ration or feeding strategy could be adjusted. The tool does not make decisions 
autonomously, but provides recommendations that the farmer can evaluate and use if 
considered appropriate. 

3.3 Data collection 

Data were collected through semi-structured interviews with Dutch dairy farmers. Semi-
structured interviewing is appropriate when the researcher seeks to explore predefined topics 
while also allowing respondents sufficient freedom to elaborate on their own experiences, 
concerns and interpretations (Kallio et al., 2016). This was particularly relevant for the 
present study, because the interviews needed to address specific themes derived from the 
conceptual framework while still leaving room for farmers to raise issues not foreseen in 
advance. 

The interviews were conducted in Dutch and lasted approximately 30 minutes to an hour. 
With participants’ consent, the interviews were audio-recorded and later transcribed for 
analysis. Before discussing the interview topics, all participants were presented with the same 
scenario of an AI-based feeding optimisation tool. This ensured that respondents evaluated a 



comparable technological concept and reduced the risk that interview responses would refer 
to different understandings of what “AI” might mean in practice. The use of a concrete 
scenario helped respondents reflect on a realistic application rather than on AI as an abstract 
technology. 

The interview guide covered five main themes: farm background, respondents’ initial 
reactions to the AI scenario, perceived economic value, perceived usability and trust, and 
adoption intention. These themes were derived from the conceptual framework and the full 
interview guide is included in Appendix B. 

3.4 Sampling strategy 

Participants were selected using purposive sampling. Purposive sampling is appropriate in 
qualitative research when respondents are selected because they possess relevant knowledge 
or experience related to the research topic (Patton, 2015). In this study, dairy farmers were 
selected because they represent the primary potential users of AI-based feeding decision-
support technologies in dairy farming. 

The final sample consisted of eight Dutch dairy farmers. For qualitative interview research, 
the purpose is not statistical representativeness, but the generation of rich and relevant 
insights into recurring patterns, differences and conditions surrounding the topic under study. 
Efforts were made to include variation in farm context, such as farm size, management 
practices and technological environment, to capture a broader range of perspectives on AI-
based technologies. A general overview of the interviewees is provided in Appendix C. 

3.5 Data analysis 

The interview data were analysed using thematic analysis. Thematic analysis is a flexible and 
widely used qualitative method for identifying, analysing, and interpreting patterns across 
textual data (Braun & Clarke, 2006). It was considered appropriate for this study because the 
aim was to identify recurring themes in farmers’ perceptions of usefulness, usability, trust, 
economic value and adoption intention regarding an AI-based feeding optimisation tool. 

The analysis followed a deductive–inductive approach. The interview transcripts were read 
several times to become familiar with the data. This was followed by coding the transcripts in 
Atlas.ti. At this stage, the conceptual framework was used to define an initial deductive 
coding structure, including the broad categories of farm context, perceived usefulness, 
perceived usability and practical feasibility, trust in AI, perceived economic value and 
adoption intention. Within these categories, more specific codes and themes were developed 
and refined inductively from the interview data. This allowed the analysis to remain grounded 
in the empirical material rather than being restricted solely to predefined categories. 

Related codes were grouped into broader second-order themes and subsequently organised 
into higher-order analytical dimensions. In this way, the analysis moved from data-near 
coding toward a more interpretive thematic structure. The final code tree is presented in 
Appendix D, while Appendix E provides an illustrative quote table showing how selected 
interview quotations were linked to second-order themes and aggregate dimensions. 

The findings chapter reports the main recurring themes identified across the interviews and 
illustrates them with selected quotations. The analysis does not aim to quantify responses 



statistically, but to identify meaningful patterns in how farmers assess the proposed 
technology and under which conditions they would consider using it. 

3.6 Ethical considerations 

This study follows standard ethical research practices. Participation in the interviews was 
voluntary and respondents were informed about the purpose of the study before the interviews 
took place. Participants gave consent to participate and to have the interview recorded. All 
interviews were handled confidentially and identifying details were removed or generalised 
during transcription and reporting to protect anonymity. 

The interview data were used solely for academic research purposes and stored securely. In 
the thesis, quotations were translated from Dutch into English. To further protect participants’ 
identities, respondent characteristics in the appendices are presented in generalised rather than 
fully identifying form. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



4. Findings 
4.1 Introduction to the findings 

This chapter presents the findings from eight semi-structured interviews with Dutch dairy 
farmers about AI-based decision-support technologies, using the scenario of an AI-based 
feeding optimisation tool. In line with the thematic analysis described in the methodology, the 
findings are structured around the two sub-questions of this study. The first part examines 
how farmers perceive the usefulness, usability, trustworthiness and economic value of AI-
based decision-support technologies. The second part explores how these perceptions shape 
their intentions to adopt such tools. 

Across the interviews, farmers did not reject AI-based technologies outright. Instead, the 
findings point to a pattern of conditional openness. Respondents often recognised the potential 
value of AI-based feeding support, but consistently assessed this value in relation to daily 
farm practice, available data, trust in the output and expected economic return. In other words, 
farmers evaluated the tool not in abstract technological terms, but in terms of whether it 
would be useful, workable and worthwhile under real farm conditions. 

For each subsection, the main analytical pattern is presented and illustrated with selected 
quotations. Due to space limitations, not all supporting quotations are included in the main 
text. The full code tree is presented in Appendix D, while Appendix E provides an illustrative 
quote table grouped by aggregate dimension and second-order theme. 

4.2 Sub-question 1: How do Dutch dairy farmers perceive the usefulness, usability, 
trustworthiness and economic value of AI-based decision-support technologies? 

4.2.1 Perceived usefulness: support, optimisation and better decision-making 

A first important finding is that farmers generally perceived the proposed AI-based feeding 
tool as potentially useful, but mainly as a form of decision support rather than as a 
replacement for their own expertise. Across multiple interviews, usefulness was associated 
with additional support, quicker intervention, more objective advice, greater independence 
and better optimisation of feeding decisions. 

A recurring pattern was that farmers valued the tool as an additional source of support in day-
to-day management. Several respondents described it as something that could “think along” 
with the farmer, provide extra input or function as an additional set of eyes. One farmer 
explained that such a tool could help because it “can think along with you and keep you sharp 
as an entrepreneur” (Interview 8), while another noted that it could “serve as a support for 
your own knowledge and your own ability to observe” (Interview 5). This suggests that 
perceived usefulness was closely linked to the extent to which AI was seen as strengthening 
rather than replacing the farmer’s own decision-making. 

A second recurring theme was that usefulness was associated with faster and timelier action. 
Several respondents indicated that the tool would be valuable if it enabled earlier intervention 
than current routines allow. One respondent stated that “if you used AI, you might act more 
quickly. You would intervene sooner” (Interview 5), while another suggested that the tool 
could support more frequent adjustment of feeding decisions (Interview 3). This indicates that 
farmers did not only value better information, but also information that arrives quickly 
enough to affect practice. 



Farmers also linked usefulness to the possibility of receiving more objective or independent 
advice. In multiple interviews, respondents argued that AI could be valuable because it might 
offer advice “based on facts” and be less subjective or less commercially coloured than 
existing advisory relationships. One farmer explicitly said that the appeal of the tool lay in 
receiving “objective rather than subjective” advice (Interview 2). Related to this, some 
respondents described the tool as useful because it could increase their autonomy, for example 
by reducing dependence on feed representatives or commercially embedded advisors. One 
respondent stated that the tool would be especially useful “if it would make you more 
independent” (Interview 2). 

Finally, usefulness was often connected to optimisation value. Farmers referred to better feed 
efficiency, more targeted adjustments and improved alignment between feeding and animal 
performance. One respondent noted that if the tool could help steer on feed efficiency, “then I 
can optimise it” (Interview 8). Taken together, these findings suggest that perceived 
usefulness was multi-dimensional: the tool was considered useful when it was seen as a 
practical aid for decision-making, optimisation, and independent management. 

4.2.2 Perceived usability and practical feasibility 

A second major finding is that farmers assessed the proposed tool not only in terms of 
usefulness, but also in terms of whether it would be practically usable and feasible within the 
realities of dairy farm management. Across several interviews, respondents evaluated the 
technology in relation to available data, fit with current routines, compatibility with existing 
systems and the biological and environmental complexity of feeding decisions. 

A recurring theme concerned the availability of relevant farm data. Several farmers indicated 
that their farms already generate substantial amounts of data through milking robots, sensor 
systems, monitoring tools and feed-related records. One respondent explained that automatic 
milking and monitoring systems generate “quite a lot of data” and that cows are monitored “at 
a fairly high level” (Interview 2). Another remarked that there is “so much data in dairy 
farming” (Interview 6). These responses suggest that data availability was often seen as a 
basic enabling condition for AI-based feeding support. 

At the same time, respondents made clear that having data is not the same as having a system 
that can integrate and use those data effectively. Some farmers described existing databases 
and forecasting tools, which shows that integration is possible in principle. However, the 
interviews also suggest that data integration remains a practical challenge, especially where 
feed data, animal data and management data are not yet connected in one system. This means 
that data richness alone does not automatically translate into practical readiness. 

Another recurring concern was whether the tool would fit into daily routines without creating 
extra work. Practical usability was closely linked to ease of integration, low time demands 
and actionable recommendations. One farmer stated that the tool would be valuable because it 
could provide more information “while still being easy to integrate into practice” (Interview 
5). Another respondent stressed that the system should not require too much extra time, 
explaining that he could not sit behind a computer “for fifteen minutes every day, because we 
simply do not have that time” (Interview 8). These comments suggest that usability was 
judged against the labour pressure and time constraints of everyday farm management. 



Practical feasibility was also shaped by farm-specific infrastructure and conditions. Some 
respondents indicated that the tool could be linked quite easily to their current systems, while 
others pointed out that their infrastructure would limit implementation. One farmer, for 
example, stated that such a tool could be linked “perfectly well to the management system” 
(Interview 2), whereas another explained that certain feeding strategies would not be feasible 
because the farm did not have a mixer wagon (Interview 5). This shows that the same 
technology may appear feasible on one farm and unrealistic on another. 

Finally, several respondents highlighted the limits of AI in capturing the biological and 
environmental complexity of dairy farming. These limits were often linked to weather, 
grazing, live animals and the need for gradual feeding transitions. One farmer stated that 
“working with live animals such as cows can never be taken over completely by a computer” 
(Interview 2). Another noted that when cows go outside daily, “you immediately get a very 
different picture” that must be corrected for (Interview 7). A third respondent emphasised that 
feeding cannot be changed continuously because “you really damage the cows” if adjustments 
are made too often (Interview 5). Taken together, these findings show that practical feasibility 
depends not only on digital infrastructure, but also on whether the tool can cope with the 
biological reality of dairy farming. 

4.2.3 Trust in AI 

A third major finding is that farmers’ evaluations of the proposed tool were strongly shaped 
by trust. Across multiple interviews, respondents did not simply assume that AI-generated 
recommendations would be trustworthy because they were data-driven. Instead, trust 
depended on credibility, explanation, practical proof and the continued role of farmer 
judgement. 

One recurring theme was that trust depended on whether recommendations appeared credible 
and sensible in practice. Some respondents suggested that they would trust the technology if it 
worked well and produced convincing results. One farmer stated that “if it works, you will 
find that out quickly enough” and that successful use would naturally lead to continued 
reliance (Interview 3). Another respondent expressed a relatively high baseline trust in data-
based systems by saying that “data are data, and then an analysis is performed on them” 
(Interview 7). These statements suggest that trust was linked to both practical outcomes and 
the perceived legitimacy of data-based advice. 

A second recurring pattern was that trust depended on conditions that had to be met first. 
Farmers often stated that they would not immediately rely on the technology, but would first 
want to see reliability, practical proof or successful experiences elsewhere. One respondent 
said it would help “if I could clearly see why it is giving a particular recommendation” 
(Interview 1), while another argued that trust would grow if “the reliability is simply very 
high” in practice (Interview 7). Several farmers also referred to observing how the technology 
works on other farms before trusting it themselves. This indicates that trust was strongly 
conditional and experience-based. 

The interviews also show that transparency and explanation were important for trust. Several 
respondents wanted the tool to explain why a recommendation was made and which rules or 
assumptions underpinned the output. One farmer stated that trust would depend on “the 
calculation rules that are built into that AI tool” (Interview 8). Another explained that if the 
output differed substantially from expectations, the system would need to “argue very 



convincingly why that is the case” (Interview 6). These comments suggest that explainability 
was important for making AI recommendations acceptable and interpretable. 

A further recurring theme was the continued role of farmer judgement. Multiple respondents 
emphasised that even if the tool could provide useful support, it should not displace practical 
observation and experience. One farmer stated that “craftsmanship will always remain 
essential” (Interview 7), while another remarked that “advice remains advice” and that the 
final decision still rests with the farmer (Interview 6). A third respondent said that “you still 
look at the cows and at the manure” and that this remains important (Interview 5). These 
statements indicate that trust in AI was strongest when the tool was understood as supporting, 
rather than replacing, farmer expertise. 

A smaller but still relevant trust-related issue concerned privacy and data security. Some 
respondents indicated that they would only feel comfortable with the technology if farm data 
remained protected and under their control. One farmer stated that data should “stay more or 
less on your own farm” and not end up “out in the open” (Interview 8). Although mentioned 
less frequently than explainability or proof, this theme shows that trust also involves 
confidence in how farm data are governed. 

4.2.4 Perceived economic value 

A fourth major finding is that farmers evaluated the proposed AI-based feeding tool very 
strongly in terms of its economic value. Across the interviews, respondents repeatedly 
discussed the technology in relation to feed costs, efficiency gains, financial return and the 
justification of investment. This suggests that economic value functioned as one of the main 
filters through which the attractiveness of the tool was assessed. 

A recurring pattern was that farmers associated economic value with the possibility of lower 
costs and more efficient feeding decisions. Several respondents indicated that the tool would 
be worthwhile if it could help reduce feed expenses or support more efficient use of inputs. 
One farmer stated that “if it can save you feed costs, then it will pay for itself quite quickly” 
(Interview 2), while another explained that he was highly “cost-price conscious” and therefore 
interested in steering on costs (Interview 8). These statements suggest that farmers interpreted 
economic value in highly practical terms: a useful technology was one that could improve 
financial efficiency in everyday feeding management. 

A second recurring theme was the importance of return on investment. Farmers explicitly 
weighed the cost of adoption against expected short- and long-term gains. One respondent 
asked: “What does it cost, what does it yield in the short and long term? Can you earn that 
back?” (Interview 8). Another pointed out that even a very small improvement could matter 
financially, noting that a difference of one or two cents on millions of litres of milk would 
amount to a substantial annual sum (Interview 4). This indicates that even modest 
performance gains were seen as potentially meaningful if they scaled up economically. 

At the same time, economic value was rarely treated as automatic. Farmers repeatedly 
referred to conditions and uncertainties attached to the investment. One respondent explained 
that the tool would become interesting “if it could concretely generate €1,000 per year” 
(Interview 2), while another noted that adoption would be harder if the tool were expensive 
and it remained unclear whether it would work (Interview 8). Similarly, one farmer identified 
a major concern as the possibility that “an absurdly high amount” would be charged for the 



tool (Interview 6). These findings suggest that economic value was always judged in relation 
to uncertainty, acceptable payback periods and farm-specific financial realities. 

Taken together, the interviews show that perceived economic value was one of the strongest 
and most consistent themes in the dataset. Farmers were clearly interested in AI-based feeding 
support when it was seen as capable of reducing costs, improving efficiency and generating 
returns that justified the investment. At the same time, economic value was evaluated 
conditionally, rather than being assumed in advance. 

4.3 Sub-question 2: How do these perceptions influence farmers’ intentions to adopt 
such technologies? 

4.3.1 Adoption intention: conditional rather than straightforward 

The findings show that farmers’ intentions to adopt the proposed AI-based feeding tool were 
generally not characterised by outright rejection, but neither were they unconditional. Instead, 
adoption intention emerged as a conditional and context-dependent judgement. Across 
multiple interviews, respondents expressed a basic openness toward AI-based feeding 
support, but this openness was repeatedly qualified by concerns about practical feasibility, 
trustworthiness and expected economic return. 

A first recurring pattern was that several respondents expressed general openness to adoption 
in principle. These farmers did not reject the idea of using AI-based decision-support on their 
farms and in some cases explicitly described themselves as positive toward the technology. 
One respondent stated, for example, “Yes, I would certainly be positive about that” (Interview 
5), while another remarked: “This is what everyone needs. So I am definitely interested” 
(Interview 6). Such statements indicate that AI-based feeding support was often seen as 
potentially relevant and worth considering. 

However, a much stronger pattern across the interviews was that adoption remained 
conditional on specific requirements being met. Farmers repeatedly indicated that they would 
only consider the tool if it proved itself in practice, fitted their farm and generated sufficient 
value. One respondent captured this clearly by stating that farmers usually “wait and see first: 
does it work for others? … and only once it has been proven to work do they start investing in 
it” (Interview 8). Another farmer similarly noted that “we would not be the frontrunners in 
that” (Interview 7), while a third explained that he would be open to the technology, “but it 
would have to prove itself in practice first” (Interview 1). These responses suggest that 
adoption intention was cautious and strongly dependent on prior validation. 

A further recurring pattern was that some respondents preferred trial use or supported 
experimentation before full adoption. Rather than committing immediately, these farmers 
wanted a pilot, test period or some form of guidance. One farmer stated that “we would first 
do a trial period. First try it for half a year and see what it is worth” (Interview 6). Another 
indicated that he would not want to try the system entirely on his own, but would prefer doing 
so with someone who had relevant expertise involved (Interview 1). This suggests that 
adoption was often imagined as a gradual learning process rather than as an immediate 
implementation decision. 



4.3.2 How perceptions shaped adoption intention 

The interviews suggest that adoption intention was directly influenced by the perception 
domains discussed above: usefulness, practical feasibility, trust and economic value. These 
dimensions did not operate separately, but interacted in the way farmers assessed the 
technology. 

Farmers were more likely to express openness to adoption when they perceived the tool as 
genuinely useful in daily management. If AI was seen as something that could support 
decisions, provide more objective advice or help them act more quickly, the technology was 
generally evaluated more positively. At the same time, usefulness alone was not enough. 
Farmers remained hesitant if they doubted whether the tool would fit their routines, match 
their infrastructure or cope with the biological and environmental complexity of dairy 
farming. 

Trust played a crucial role in translating this initial interest into more serious consideration. 
Farmers were more willing to consider adoption when they believed the output would be 
understandable, practically convincing and compatible with their own judgement. Where the 
system was perceived as non-transparent, insufficiently proven or disconnected from practical 
experience, willingness to adopt weakened. 

Finally, economic value acted as a decisive filter. Respondents might recognise the practical 
or informational benefits of the technology, but many still indicated that they would only 
seriously consider adoption if the tool could justify its cost and create visible value on the 
farm. In that sense, economic value did not simply add to adoption intention; it often 
determined whether initial openness could turn into serious interest. 

4.3.3 Interim synthesis 

Taken together, the findings show that farmers’ intentions to adopt AI-based feeding support 
are best understood as a form of conditional openness. The most important drivers were the 
expectation that the tool could support better decisions, provide quicker and more objective 
advice, improve feeding optimisation and generate clear economic value. The main barriers 
were uncertainty about practical fit, doubts about whether the system could handle real farm 
complexity, lack of trust without explanation or proof and uncertainty about economic return. 

This means that adoption intention in this study cannot be understood as a simple yes-or-no 
response to technological innovation. Instead, it is the outcome of how farmers balance 
expected usefulness, practical feasibility, trust and economic value in relation to the specific 
realities of their own farm. 

 
 
 
 
 
 



5. Discussion 
5.1 Discussion with literature and theory 

This study examined the drivers and barriers in the adoption of AI-based decision-support 
technologies among Dutch dairy farmers. The findings show that farmers were generally not 
negative towards the idea of AI-based feeding support, but that their openness to adoption was 
clearly conditional rather than unconditional. Respondents did not evaluate the technology as 
an abstract digital innovation, but in relation to the practical, biological and economic realities 
of their own farms. In that sense, adoption was not driven by technological promise alone, but 
by a situated evaluation of whether the tool could create value under real farm conditions. 

This finding aligns with the broader literature on agricultural technology adoption, which 
suggests that adoption is shaped not only by technical potential, but also by uncertainty, 
compatibility with existing practices and expected benefits under farm-specific conditions. 
The study supports that logic, but makes it more concrete in the context of AI-based feeding 
optimisation. Farmers repeatedly linked their evaluation of the tool to issues such as weather, 
grazing, labour availability, feeding routines and the fit with existing management systems. 
This suggests that farm context is not merely background information, but an active filter 
through which the technology is interpreted. 

A second important finding is that perceived economic value was central, but not sufficient on 
its own. Respondents were clearly interested in whether the tool could reduce feed costs, 
improve efficiency or generate a convincing return on investment. This is consistent with the 
economic adoption literature, which highlights the importance of expected returns and 
uncertainty in farmers’ investment decisions. However, the findings also show that economic 
value was always assessed in relation to practical feasibility. A tool that appeared valuable in 
principle could still be judged unattractive if it did not fit daily routines, available 
infrastructure or the biological realities of dairy farming. Economic value therefore mattered, 
but only when it could realistically be realised in practice. 

The findings also show that trust in AI-based feeding advice was built through three recurring 
conditions: explanation, proof and retained farmer control. Farmers wanted to understand why 
the system gave a certain recommendation, whether it would prove itself in practice and 
whether final judgement would remain with the farmer. This is in line with the literature on 
trust in AI, which emphasises explainability, transparency and human-centred 
implementation. In this study, trust was not based on the idea that data-driven advice is 
automatically reliable. Instead, trust depended on whether recommendations could be 
connected to recognisable farm logic and used as support rather than as a replacement for 
farmer expertise. 

These findings also refine the relevance of technology acceptance theory. TAM suggests that 
perceived usefulness and perceived ease of use shape adoption intention. The present study 
supports the relevance of these constructs, but shows that in dairy farming they are interpreted 
in strongly context-specific ways. Usefulness referred to whether the tool could genuinely 
support feeding decisions under variable farm conditions, while usability referred not only to 
interface simplicity, but to whether the tool could fit everyday farm management without 
creating extra work or disruption. The findings therefore suggest that usefulness, practical 
feasibility, trust and economic value are not neatly separate dimensions in practice, but 
closely intertwined in shaping adoption intention. 



Overall, the results indicate that adoption intention is best understood as conditional openness. 
Farmers were often positive in principle, but only if the technology could prove its value, fit 
the farm context and support rather than undermine their own judgement. This means that the 
adoption of AI-based decision-support in dairy farming is less a matter of simple acceptance 
or rejection, and more a matter of whether a technology can earn legitimacy under the 
conditions of real farm management. 

5.2 Theoretical contributions 

This study makes three main theoretical contributions. 

First, it contributes to the literature on agricultural technology adoption by showing that the 
adoption of AI-based decision-support in dairy farming is best understood as a process of 
situated evaluation. Although earlier literature already emphasises contextual fit and 
uncertainty, the present study shows how concretely these issues are interpreted in a dairy-
farming setting shaped by feeding routines, labour constraints, biological variation and 
existing infrastructure. 

Second, the study refines technology acceptance logic by showing that perceived usefulness 
and usability are interpreted through the practical realities of farm management. In this 
context, usefulness is not an abstract belief that a technology improves performance, but a 
judgement about whether a tool supports meaningful decision-making under real farm 
conditions. Similarly, usability is not only about ease of operation, but also about whether the 
technology can fit existing routines without creating additional burdens. 

Third, the study contributes to trust-in-AI literature by showing that trust in dairy-farming AI 
is practical and relational. Trust was built through explainability, visible proof in practice and 
retained farmer control. This suggests that trust in agricultural AI should not be understood 
simply as confidence in a technical system, but as confidence in a form of advice that remains 
interpretable, testable and subordinate to farmer judgement. 

Taken together, these contributions suggest that adoption of AI-based decision-support in 
dairy farming is best conceptualised not as straightforward acceptance of a promising 
technology, but as the outcome of a conditional and context-dependent evaluation in which 
usefulness, feasibility, trust and value are closely interwoven. 

5.3 Limitations 

This study has several limitations. First, it is based on a relatively small qualitative sample of 
eight Dutch dairy farmers. This was appropriate for an exploratory study, but the findings 
should be interpreted as analytically rather than statistically generalisable. Second, the study 
focused on farmers’ responses to a hypothetical AI scenario rather than to a functioning tool 
in use. It therefore captures perceptions and anticipated adoption conditions rather than 
observed adoption behaviour. Third, the study examined one specific use case—AI-based 
feeding optimisation—within the Dutch dairy-farming context. Other agricultural sectors, 
national settings or AI applications may produce somewhat different patterns. 

Future research could build on this study by examining how farmers’ perceptions evolve 
when they interact with actual AI-based tools over time. Comparative research across 



countries, sectors or AI applications could also help determine which findings are specific to 
Dutch dairy farming and which reflect broader patterns in agricultural AI adoption. 

5.4 Reflection on transdisciplinarity 

This project has a transdisciplinary dimension because it was motivated by a practically 
relevant question about whether AI-based decision-support for feeding is already meaningful 
in Dutch dairy farming. The topic emerged from the observation that AI-based feeding 
support appeared promising in international literature, including in relation to financial and 
sustainability outcomes, while its concrete role in the Dutch dairy sector remained unclear. 
This created a question that was both academically relevant and closely connected to practice. 

Using a hypothetical feeding-optimisation scenario made it possible to translate a still 
relatively new and abstract topic into a concrete situation that farmers could assess. This was 
important because a detailed existing system could not easily be presented. The scenario 
therefore functioned as a bridge between academic concepts such as usefulness, trust and 
adoption intention, and the everyday realities of dairy farming. 

The interviews also showed the value of this practice-based approach. For example, they 
revealed the importance of feeding advisors in farmers’ decision-making, which added a 
relevant practical dimension to the study. More broadly, the project showed that the adoption 
of AI in dairy farming cannot be understood only in technical terms, but must also be 
considered in relation to existing routines, sector relationships and the way farmers currently 
organise feeding decisions. In that sense, the study illustrates the value of connecting 
academic analysis to practice-oriented questions to better understand how digital innovations 
are interpreted in real-world agricultural settings. 

 

 

 

 

 

 

 

 

 

 

 

 



6. Conclusion 

This thesis examined the drivers and barriers in the adoption of AI-based decision-support 
technologies among Dutch dairy farmers. More specifically, it explored how farmers perceive 
the usefulness, usability, trustworthiness and economic value of an AI-based feeding 
optimisation tool, and how these perceptions shape their intentions to adopt such a 
technology. 

The main conclusion is that Dutch dairy farmers are generally open to AI-based decision 
support, but only under clear conditions. Adoption is not driven by technological promise 
alone. Instead, farmers evaluate such tools in relation to the practical, economic and 
biological realities of their own farms. AI-based decision-support technologies are therefore 
most likely to be adopted when they are perceived as useful, feasible, trustworthy and 
economically worthwhile at the same time. 

The findings show that perceived usefulness is linked to whether the tool can genuinely 
support feeding decisions and provide relevant insights for farm management. At the same 
time, practical feasibility matters strongly. Farmers were more positive when the technology 
could fit existing routines, work with available data and avoid creating substantial extra work. 
Economic value also emerged as a central condition, as respondents repeatedly linked serious 
adoption interest to visible financial relevance, such as lower feed costs, improved efficiency 
or a clear return on investment. Trustworthiness was equally important. Farmers were more 
willing to consider the tool when recommendations could be explained, when the system 
could prove itself in practice, and when final judgement remained with the farmer. 

Taken together, the answer to the research question is that the adoption of AI-based decision-
support technologies among Dutch dairy farmers is shaped by a combination of practical, 
economic and trust-related drivers and barriers. The most important drivers are expected 
decision-support value, financial relevance and the possibility of using AI as a complement to 
existing expertise. The main barriers are uncertainty about return on investment, doubts about 
practical fit, concerns about whether AI can adequately reflect the complexity of real farm 
conditions and limited trust in the absence of explanation or proof. 

These findings have practical implications for developers, advisors and policymakers. AI-
based systems for dairy farming should not be designed as purely technical optimisation tools, 
but as technologies that fit existing farm routines, provide understandable recommendations 
and demonstrate clear value in practice. If such systems are expected to contribute to more 
efficient and potentially more sustainable dairy farming, their success will depend on whether 
farmers regard them as workable and credible under everyday farm conditions. 

This study also points to directions for future research. Further research could examine how 
farmers’ perceptions change when they interact with an actual AI-based tool rather than a 
hypothetical scenario, compare different agricultural settings or AI use cases and explore how 
trust develops over time during implementation. 

In conclusion, the future adoption of AI-based decision-support technologies in Dutch dairy 
farming depends not simply on what such tools can do technically, but on whether farmers 
experience them as valuable, feasible and trustworthy in practice. 
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Appendix A – Conceptual framework 

 

 

 

 

 

 
 



Appendix B – Interview guide 

Before we begin, is there anything else you would like to ask me? 

I would first like to ask a few background questions before introducing the scenario of the AI 
tool. 

Block 1: Background 

1. Could you tell me something about your farm, such as the number of cows and your 
way of working? 
For example, you may think of when and how the cows are fed, or something about 
milk production. 

2. How do you generally view new technologies on the farm? 

AI scenario: Now I would like to introduce the scenario. 

Imagine that there is an AI-based tool that analyses data from your farm, such as feed 
composition, milk production, and specific animal performance indicators. Based on this, the 
tool provides advice on how the ration or feeding strategy could be adjusted, with the aim of 
improving feed efficiency, reducing costs, and possibly also lowering environmental impact. 

The tool does not make the decision for you, but provides recommendations that you, as a 
dairy farmer, can assess yourself and use if you wish. 

Block 2: Response to the AI scenario 

3. What is your first reaction to this AI-based feeding tool? 
4. What appeals to you most about this, and what appeals to you least? 

Block 3: Economic value 

5. Do you think such a tool could be economically valuable for your farm? Why or why 
not? 

6. Under what conditions would such a technology be financially attractive to you? 

Block 4: Usability and trust 

7. Would such a tool be practically usable in your daily farm operations? Why or why 
not? 
For example, do you have the data required for such an AI tool, and how would it fit 
into your current routine? 

8. To what extent would you trust the recommendations of such a system? 

Block 5: Adoption intention 

9. Would you in principle be willing to use such a technology? Why or why not? 
10. What would be the main reason for you to adopt or not adopt such a tool? 

 



Appendix C – Overview of interviewees 

Appendix C provides an overview of the interviewees included in this study. To protect 
anonymity, locations and farm characteristics are presented in generalised form. 

Interview Date Region Farm type Approximate herd size 

Interview 1 16-03 North Holland Dairy farm 160 

Interview 2 18-03 North Holland Dairy farm 200 

Interview 3 23-03 North Holland Dairy farm 135 

Interview 4 09-04 North Holland Dairy farm 460 

Interview 5 13-04 North Holland Dairy farm 180 

Interview 6 05-05 South Holland Dairy farm 120 

Interview 7 11-05 North Holland Dairy farm 205 

Interview 8 13-05 North Holland Dairy farm 150 

 

 

 

 

 

 

 

 

 

 

 

 



Appendix D – Code tree 

The code tree illustrates how data-near first-order categories were grouped into second-order 
themes and subsequently organised into aggregate dimensions during the thematic analysis. 

 

 



 

 

 



 



Appendix E – Illustrative quote table 
 


