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19% of global greenhouse gas emissions (Blaustine-Retjo 
and Gambino 2024), is a significant contributor to biodiver-
sity loss (Ritchie et al. 2022; Ritchie 2022), and is a heavy 
burden on resources and the environment (Pickles 2017), 
and is criticised for its immoral treatment of animals (2024).

Despite these concerns, global meat consumption has 
consistently increased since 1990 (Statista 2024a) and is set 
to continue increasing globally until at least 2031 (Statista 
2024b). However, it is unclear how animal farming can 
become more sustainable, efficient, and respond to some of 
these moral concerns. Digitalisation, specifically artificial 
intelligence (AI),2 is being proposed as one way to respond 
to these challenges. There is hope that AI can help reduce 

more neutral descriptor for this practice (i.e., animals are not neces-
sarily stock or resources for human consumption).

2  The definition of AI that we use is the understanding of AI in the 
European Union AI Act: (1) ‘‘AI system’ means a machine-based sys-
tem that is designed to operate with varying levels of autonomy and 
that may exhibit adaptiveness after deployment, and that, for explicit 
or implicit objectives, infers, from the input it receives, how to gener-
ate outputs such as predictions, content, recommendations, or deci-
sions that can influence physical or virtual environments’ (European 
Union, ‘EU Artificial Intelligence Act’ 2024).

Introduction

The global population is set to increase to 11 billion people 
by 2100 (United Nations 2024). With this growth comes 
considerable pressure on the agricultural sector to provide 
enough food to sustain these demands. Humans have already 
used over 50% of the world’s vegetated land for agriculture, 
and 26% of greenhouse gas emissions (GHG) come from 
food production and consumption (Ritchie et al. 2022). In 
particular, animal farming1 is said to cause between 11 and 

1  . ‘Animal farming’ is used instead of ‘livestock farming’ or ‘animal 
husbandry’. These two terms refer to animals as ‘stock’ or resources 
that should be managed and reserved. While changing terminology 
will not radically change the practice referred to, animal farming is a 
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Abstract
In animal farming, there is the hope that artificial intelligence (AI) will improve efficiency and increase profits while pro-
viding solutions to reduce pollution and pesticide use and improve environmental sustainability, animal health and welfare. 
However, many are also concerned about AI’s ethical, legal, social, and economic impacts. These include the instrumen-
talisation of animals, bias caused by AI in how animals are portrayed, allowing the continuation of a harmful farming 
industry, and concerns around power asymmetries, data ownership, and copyright infringements. Therefore, there is a ten-
sion between the potential benefits and drawbacks of AI use in animal farming. This paper takes a forward-looking view 
of the benefits and challenges that AI may create in animal farming by the year 2032. Through several iterative rounds 
with stakeholders, this paper maps out a future scenario of AI in animal farming, identifying technological developments 
alongside potential drivers, barriers, and impacts. The scenario concludes with five recommendations for policymakers: 
1. Initiate education programmes on AI in the sector; 2. Create ethical guidelines for AI in animal farming; 3. Science 
policy should be realistic and not only rely on technical solutions like AI; 4. Ensure public safety from harm caused by 
AI; 5. Implement better guidance on data-sharing in the sector.
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environmental impact, improve efficiency in the sector, 
and improve the health and welfare of farm animals (Bao 
and Xie 2022). AI is being used in many different ways in 
animal farming; for example, to test pigs for respiratory 
issues (Zhao et al. 2020), poultry health detection (Alex et 
al. 2019), optimising the input and output of chicken broil-
ers (Amid and Gundoshmian 2017), and analysing lactat-
ing sow postures as determinants of their welfare (Zheng et 
al. 2018). However, the use of AI in animal farming is also 
not without problems, with recent research highlight several 
ethical and social concerns (Bossert and Hagendorff 2021). 
AI may provide biased results, for example, when search-
ing for images of cows, pigs, and chickens, it was shown to 
bring back images of meat rather than animals – depicting 
their sole purpose as food (Hagendorff et al. 2022). Some 
have also stated that digital technologies such as AI could 
be used to objectify animals (Singer and Tse 2022), fur-
ther dehumanise animal-human interactions (Bossert and 
Coeckelbergh 2024) and enable the further industrialisation 
of animal farming (Bos et al. 2018).

As AI use is mired with uncertainties, this paper provides 
a first step at identifying potential outcomes of AI use in 
animal farming in the future. It develops a scenario of AI in 
animal farming in Europe in 2032. This timeline (i.e., seven 
years) is soon enough to be realistic and context-specific 
enough for action (i.e., in Europe and related to land ani-
mal farming3). The scenario was formulated through three 
rounds (1. survey, 2. workshop, 3. feedback reviews) of 
stakeholder-led engagement (N = 28) and validation at four 
events (N = 64), resulting in this scenario of AI in European 
animal farming in 2032.

The paper is structured as follows: Section “Scenarios” 
begins with an overview of scenarios, highlighting several 
methodologies and why the ‘policy scenario’ was chosen. 
Section “Methodology” outlines the steps taken: 1. survey, 
2. workshop, 3. feedback reviews, and 4. presentations at 
four events. Section “Scenario: AI in animal farming in 
2032” presents the scenario developed for AI in animal 
farming in 2032. This section is subdivided into four sub-
sections: 1. technological developments, 2. drivers, 3. bar-
riers, and 4. impacts (ethical, legal, social, and economic). 
Section “Recommendations to policymakers in 2025” pro-
vides recommendations to policymakers on responding to 
many of the challenges and impacts outlined in the scenario.

3  This paper will focus on what is traditionally understood as animal 
farming on land. Aquaculture is not included as this warrants a sepa-
rate analysis because it is too large to fit within one paper.

Scenarios

As AI is set to develop rapidly and impactfully, it is impor-
tant to evaluate how these developments may materialise, 
what types of impacts can occur, and how we can respond 
to these challenges. This paper uses a scenario approach to 
identify how stakeholders view the future developments, 
drivers, barriers, and impacts of AI in European animal farm-
ing. While AI research in animal farming is evolving, exam-
ining how stakeholders view these changes and their impacts 
on animals, farmers, the sector, and society is crucial. Using 
scenarios has a long history of helping individuals, organisa-
tions, and institutions make long-term decisions. Scenario 
‘planning’, ‘thinking’, ‘analysis’, and ‘prediction’ all refer 
to developing strategic plans now to mitigate challenges and 
ensure a desirable future (Kahn and Wiener 1967). One of the 
underlying principles of scenarios is the understanding that 
many diverse events, actions, and relationships can change 
the future in surprising ways (Boenink et al. 2010). Using 
scenarios allows stakeholders to identify and map possible 
trajectories and respond accordingly (Stemerding et al. 2010). 
Scenarios are often used as a ‘tool for ordering one’s percep-
tions about alternative future environments in which one’s 
decisions might be played out concretely, so people can help 
people make better decisions’ (Schwartz 2012).

Researchers have used scenarios to evaluate technologies 
(Wright et al. 2014; Boenink 2013) like 5 G (Hutajulu et al. 
2020), free and open-source software (Menéndez-Caravaca 
et al. 2021), electric cars (Deuten et al. 2020), nanotech-
nology (Karaca and Öner 2015), quantum computing (Pal 
et al. 2023), and the Hadron Collider (Carena et al. 2003). 
Scenarios have also been used to analyse Generative AI 
(Bjola and Manor 2024), ChatGPT (Ravipati et al. 2023), 
AI technologies that mimic people (Wright 2019b), AI in 
information warfare (Wright 2019a), smart cities (Alahi et 
al. 2023), self-driving vehicles (Fritschy and Spinler 2019; 
Ryan 2019), blockchain (Okoro et al. 2023), and AI in pre-
dictive policing (Macnish et al. 2020). Scenarios have also 
been used to analyse AI in different applications (e.g., nurs-
ing (Seibert et al. 2021), the oil and gas industry (Koroteev 
and Tekic 2021), agriculture (Ehlers et al. 2022; Daum 
2021), testing groundwater quality (Shiri et al. 2021), drug 
discovery (Tripathi et al. 2021), education (Mouta et al. 
2023; Xia 2020), and public health (Ogden et al. 2020)).

Researchers also use various scenario methodolo-
gies (see Cairns and Wright 2017; European Commission 
2024b; Mietzner and Reger 2005; Thomas 2012; Wright et 
al. 2020).4 The ‘policy scenario’ methodology (Ryan 2019; 

4  For this paper (AI in animal farming), many scenario methodolo-
gies fell short in their usefulness for this task. For example, some 
scenario methodologies are too vague, and it is difficult to identify 
what should be done based on the information in such scenarios (e.g., 
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Wright et al. 2020), created in the SHERPA Project (Proj-
ect 2024)5 was chosen for this paper. The primary goal of a 
policy scenario is to ‘explore possible consequences of cur-
rent trends; to engage stakeholders; to uncover issues that 
might otherwise be overlooked; to help decision-making; to 
consider desired and undesired futures; to determine what 
steps should be taken to reach the desired future and avoid 
an undesired future’ (Wright et al. 2019). It uses future 
medium-term (5–7 years) scenarios rather than distant 
futures because of the potential to divert into science fic-
tion (Cairns and Wright 2017). This medium-term timeline 
is essential for AI in animal farming because it is urgent 
enough for policymakers to act now and is more plausible 
for stakeholders to take seriously than a scenario set 20 or 
50 years in the future (Volkery and Ribeiro 2009).

The policy scenario is based on several iterative rounds 
of feedback from stakeholders6, which is fundamental for 
the scenario’s ‘scientific plausibility and probability’ (Ryan 
2019). Stakeholder engagement allows diverse viewpoints 
to be included in the scenario. This engagement provides 
a nuanced account of perspectives within one scenario 
(Wright et al. 2020), which is essential for creating a com-
pelling narrative involving many diverse stakeholders.

A fundamental reason for choosing the policy scenario 
was that it was explicitly designed for use in AI applica-
tions, making it an ideal choice for evaluating AIs impact on 
future animal farming. In the SHERPA project, the policy 

‘orthogonal futures’). Some scenario methodologies provide engag-
ing thought exercises but few recommendable actions (e.g., ‘dark 
scenarios’). Therefore, when assessed by policymakers, these unclear 
or philosophically complex scenarios often require too much decod-
ing to understand what should be done, reducing their effectiveness 
(Ryan 2019). Lastly, many scenario methodologies focus on the long 
term (20+ years from now), making it difficult to accurately predict 
what will happen and how to prepare for it.

5  The SHERPA Project was a three-year project, consisting of 11 
organisations from six European countries, to evaluate the ethical, 
legal, and social impacts of smart information systems (the combi-
nation of artificial intelligence and Big Data). It was one of the first 
large EU Horizon projects focusing specifically on the ethical, legal, 
and social aspects of artificial intelligence (2018–2021). The project 
involved an array of stakeholders and conducted 10 domain-specific 
case studies, a human rights analysis, standardisation recommenda-
tions, and guidelines for the development and use of AI. The project 
also achieved notable outreach to the general public by inviting sev-
eral artists to create artworks based on the project’s research. It also 
published 20+ scientific articles by the time the project commenced. 
In the context of this paper, the SHERPA project developed five sce-
narios, some of which were developed into scientific papers that have 
had a significant impact in the literature: cf. M. Ryan, ‘The Future of 
Transportation: Ethical, Legal, Social and Economic Impacts of Self-
driving Vehicles in the Year 2025’, Sci. Eng. Ethics, Sep. 2019, doi: 
10.1007/s11948-019–00130-2.

6  Defining stakeholders as those who may experience or may antici-
pate experiencing actual or potential benefit or harm due to the 
actions or inactions being discussed. They can receive opportunities 
or threats from a particular course of action.

scenario methodology was developed and implemented to 
assess the future scenario of AI applications in predictive 
policing, self-driving vehicles, technologies that mimic 
people, their use in disinformation and information warfare, 
and robots in education (Wright et al. 2019). Therefore, the 
policy scenario methodology has demonstrated its usability 
in AI applications, making it suitable for this paper’s focus 
(i.e., AI in animal farming).

However, the policy scenario methodology has two short-
comings. The first shortcoming is the brevity of the half-day 
workshop. This timeframe may prevent participants from 
deep-diving into the topic. Secondly, the policy scenario 
(Wright et al. 2020) holds a degree of naivety that there will 
be a ‘consensus’ on contemporary societal issues that are fun-
damentally ‘contested’ and ‘wicked’, such as AI. While these 
challenges are problematic, they were addressed during the 
implementation of this scenario methodology in this paper.

Firstly, to address the lack of time in the workshop, it may 
be possible to extend the half-day, given their busy schedules 
and the non-remunerative nature of the workshop (Wright et 
al. 2020) to a full-day workshop. While this would be ideal, 
it is often impractical. It is difficult to find a suitable date 
and time for such a large group of (voluntary) stakehold-
ers without also asking them to attend a full-day workshop 
(i.e., given their busy schedules and because participation is 
non-remunerative). However, a half-day workshop may be 
sufficient if enough preparatory work is done beforehand. 
Specifically, compiling a list of the main themes, topics, and 
issues would allow for more in-depth discussions during the 
workshop. One way to achieve this is to send a survey to 
the participants a week before the workshop. The facilitator 
can then map out a comprehensive list of topics and issues 
retrieved from the surveys, so that the participants can do a 
deeper dive into these, rather than just spending time listing 
them in the workshop (Wright et al. 2020)).

In response to the second shortcoming, the survey could 
be used to identify potential convergences and divergences 
among stakeholders in advance. Once these divergences 
are identified, the workshop facilitator can create activities 
to explore the nuances and reasons underlying them. The 
surveys can be used as jumping-off points for discussion in 
the workshop. Furthermore, we disagree that participants 
must reach consensus on all topics to develop a scenario 
(Wright et al. 2020). Discussing and gathering insights into 
divergences strengthens the scenario by allowing for more 
nuance rather than taking a too one-sided view of the future, 
a point (Wright et al. 2020) criticised in other scenarios 
(e.g., dark scenarios’ dystopian futures). While some level 
of agreement is essential, consensus should not be a funda-
mental guiding factor for scenarios. The approach taken to 
divergences is explained in the following section.

1 3
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Policy scenario survey and workshop

The policy scenario involves stakeholders throughout its 
development. Representatives from all four helices (gov-
ernment, civil society, academia, and industry) of the ‘qua-
druple helix’ (QH) were involved (Afonso et al. 2012; 
Carayannis and Campbell 2010, 2009; Miller et al. 2018). 
The stakeholders to invite to the workshop were selected 
through an extensive analysis of key figures involved in 
projects, product development, and AI research in animal 
farming in the Netherlands (e.g., Google searches, recom-
mendations from peers, Scopus searches, and so forth). An 
initial list of 49 stakeholders was compiled and categorised 
into four QH helices: academia (18), civil society (7), gov-
ernment (7), and industry (17). Of this list of invitees, 14 
agreed to attend the workshop, 14 were unavailable but 
expressed interest in reviewing the draft scenario, five were 
uninterested, and 16 did not reply.

The 14 stakeholders who participated in the survey and 
workshop came from government (N = 4), civil society 
(N = 2), academia (N = 6), and industry (N = 2). These indi-
viduals included philosophers, policymakers, economists, 
computer scientists, veterinarians, and animal welfare 
representatives.9 While they had diverse backgrounds and 
skills, they were all experts on AI in animal farming.

The survey was sent to the 14 stakeholders (‘stage 1’ of 
stakeholder engagement) two weeks before the workshop. 
The survey contained seven questions: two multiple-choice 
questions on the background of the participants (i.e., the QH 
and disciplinary background they most closely relate to) and 
five open questions related to the subsections of a policy 
scenario (i.e., technological development, drivers, barriers, 
impacts, and recommendations) (see Appendix A for these 
questions). The survey data (see Table 1 for an overview of 
the survey results) was used to ground the workshop and 
scenario construction (the survey feedback is denoted in the 
scenario footnotes as ‘stage 1’).

The survey insights were used as discussion points in 
the workshop (stage 2 of stakeholder engagement). Before 
the workshops, all participants signed an informed consent 
form agreeing to participate and to have their feedback used 
in a scientific paper. The workshop was not recorded, but 
two dedicated note-takers took notes, and the workshop 
facilitator, and the notes were compared and contrasted 
afterwards for verifiability. The workshop consisted of five 
sections: expected technological progress, drivers, barriers, 
impacts (ethical, legal, social, and economic), and policy 

9  Unfortunately, it was not possible to include all types of stakehold-
ers (e.g., farmers, people working in food production, scientists using 
AI for animal genomics, and so forth) that we initially wanted to as it 
was too difficult to identify certain individuals from the stakeholder 
groups.

Methodology

This paper applies the policy scenario methodology to eval-
uate the potential future impacts of AI in the animal farm-
ing sector over the next 7 years (with a 2032 timeline).7 Its 
primary geographical focus is Europe, but it also considers 
how global developments may impact Europe.8 Europe was 
chosen to be more context-specific and realistic rather than 
too global and all-encompassing. The stakeholder group 
consisted of Europeans working and living in Europe, so 
they were most aware of AI applications in Europe, Euro-
pean law, and the animal farming sector in Europe. Stake-
holder input was retrieved in three stages (N = 28), and the 
scenario was validated through four events (see Fig. 1).

7  While this paper was written at the end of 2024, it was assumed that 
it would not be published until at least 2025.

8  The reason for choosing Europe is for pragmatic and practical 
reasons: the project that this paper is funded from is European, the 
potential inclusion of workshop participants is European, and the 
presentation of results was mostly to a European audience. This is 
not to say that other regions are not important or AI will not have 
a significant impact on these regions (in fact, there may be a much 
bigger impact in other areas outside of Europe), it is simply that try-
ing to cover all regions or implementing a global approach would 
be too broad, too difficult to organise in terms of stakeholder input, 
and outside of the scope of the funding body that this research is 
conducted for.

Fig. 1  Scenario construction process
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split into three groups of 4–5 people. They discussed and 
mapped the eight drivers (part two of the workshop) from 
Appendix B onto a four-quadrant orthogonal diagram poster. 
They did the same with the nine barriers (part three of the 
workshop) on a separate four-quadrant orthogonal diagram 
poster (see Fig. 2).

Part four of the workshop focused on AIs ethical, legal, 
social, and economic impacts in animal farming. The 

recommendations. The workshop’s first section focused on 
AIs main technological developments in animal farming in 
the next seven years (Section “Technological progress in 
2032”).

Following this, the workshop facilitator implemented 
the impact-likelihood technique from ‘Orthogonal futures’ 
(Ducatel 2010) to map the drivers and barriers collected 
from the surveys (see Appendix B). The participants were 

Survey Focus Topics Discussed by Stakeholders (N = 11)
Technology: The 
main reasons for 
using AI in animal 
farming in the 
future

Monitoring animal health and welfare (7)
Improving efficiency/quality of production process (e.g., for farmers or advisors) (5)
Decoding animal communication (2)
Phenotyping for animal traits (1)
Reducing disease (1)
Improve sustainability: emission reduction and harmful chemicals (1)
Stimulating the positive welfare of animals (1)
Identify animal activity patterns (1)

Technology: 
the leading 
advancements in 
technology

Computer vision technology (6)
Sensors (4)
Dashboards to visualise data (1)
Data-driven farm management (1)
Chatbots for client support and advice (1)
Virtual reality (1)
Audio Analytics (1)
GenAI (1)

Drivers of AI 
development and 
use in animal 
farming

Economic and efficiency incentives (5)
AI applications (like checks/audits) becoming mandatory (3)
NGO/civil society pressure (2)
Governmental support/political decision-making (2)
Scientific advancements (2)
Public opinion/consumer demand (2)
Improve animal health and welfare (2)
Shortage of human labour (1)

Barriers to AI 
development and 
use in animal 
farming

Lack of added value/incentives (6)
High entry costs (5)
Technological readiness/scientific merit (4)
Lack of legislation (3)
Mistrust in AI (2)
Skills of end-user/lack of upskilling (2)
Lack of enforceability to adopt (2)
Data ownership (1)
Lack of governmental support (1)

Impacts of AI 
development and 
use in animal 
farming

Risks of data-sharing and data ownership (4)
Positive effect on animal care and welfare (3)
Economic benefit of adoption if AI is better and cheaper (2)
AI will make the farming sector more efficient/better (2)
Farming becomes more distant – using technology remotely (2)
Better ethical controls in place to reduce risks (1)
What is allowed or compulsory for a farmer with AI is unclear (1)
Consumer acceptance of AI use in animal farming (1)
Farmers lose control (tech lock-in) and become employees of large food Manufac-
turers or tech companies (1)
Change in the job/role of the farmer with the use of AI (1)
Legislation cannot keep pace - power plays by large companies (1)
Risk of greenwashing – pretending AI increases animal welfare (1)

Recommendations 
to Policymakers

Allow for experimentation and creativity in design and innovation (3)
Focus on concrete examples and successful applications (2)
Ensure inclusion of diverse stakeholders and interdisciplinarity (2)
Be realistic and identify how to implement science into practice (2)
Establish independent advisory board/committees (2)

Table 1  Survey results 
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themselves in correspondence with the degree of support for 
the statement. A visualisation of the room can be seen in 
Fig. 3.

Each ‘side’ could give one argument from their position, 
taking this in turn from side to side for three rounds (Gordijn 
et al. 2018). This was done for three topics with polarising 
viewpoints in the surveys (see Appendix C). This method 
was chosen to clarify oppositional positions and provide 
greater nuance to surface-level divergences.

The fifth part of the workshop focused on policymaking 
recommendations (Wright et al. 2020) through a round-
table discussion, during which each participant was allowed 
to provide recommendations to policymakers based on the 
scenario discussions in the workshop. The focus was on rec-
ommendations to stakeholders, as this is the core focus of the 
policy scenario methodology. However, much of the scenar-
io’s content could also be applicable and implementable for 
a wide array of stakeholders. While this is beyond the scope 
of this paper, future research could identify the responsibili-
ties of other stakeholders in the sector.

Constructing the scenario

A draft scenario was written based on the findings and input 
from the survey and the workshop. Verifying stakehold-
ers’ claims in scenario construction is essential as it sup-
ports the scientific credibility of the scenario. If unfounded 
claims, generalisations, or scientifically dubious remarks 
were made in the survey or workshop (unsupported by any 
studies or literature), they were not included in the scenario. 
However, this did not occur in practice, as everyone invited 
was a trained expert in their respective field and well-versed 
in the scientific plausibility of their statements. All feedback 
and input received from the survey and workshop were 
incorporated into the first draft of the scenario.

The stakeholders’ input was categorised into the main 
sections of the workshop and the subsequent paper.10 Within 
these sections and subsections, the stakeholders’ feedback 
was also further grouped by the themes discussed; for 
example, several of them discussed GenAI in the context 
of technological progress over the next seven years. The 
overarching message of each theme and topic was based 
on stakeholders’ feedback; for example, if stakeholders 
all referred to an impact positively, it was included in the 
scenario in the same light. However, when there was diver-
gence, this nuance was accounted for by describing these 
differences in the scenario, which will be noted in the appro-
priate footnotes (Section “Scenario: AI in animal farming 
in 2032”).

10  Expected technological progress, drivers, barriers, impacts (ethical, 
legal, social, and economic), and policy recommendations.

facilitator implemented the ‘Two-sided Discussion’ meth-
odology (Gordijn et al. 2018), adapted from Lewis’ Deep 
Democracy method (Lewis 2013). This approach was cho-
sen to clarify several seemingly oppositional or divergent 
stances from the surveys. The participants listed a range of 
positive and negative impacts on key stakeholders, so it was 
essential to gather whether the overall impacts were seen 
as largely positive with some negative or the opposite (or 
somewhere in between).

The facilitator created two polarising viewpoints (A and 
B) and asked the participants to divide the room laterally 
into two and stand on the side of the room with the state-
ment they felt more strongly toward (either left or right of 
the room, corresponding to the statements) (Gordijn et al. 
2018) (see Appendix C). The facilitator also divided the 
room horizontally, telling the participants that the stronger 
they felt about the statement they supported, the closer they 
should stand to the front of the room. If they were less con-
fident or their support for the statement was weaker, they 
would stand closer to the back of the room. This strong-
weak division was a sliding scale so that they could position 

Fig. 3  Division of room for Statements

 

Fig. 2  Orthogonal impact likelihood quadrants
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transnational agri-food bodies. An overview of the sector’s 
main technological innovations in AI over the past decade 
(4.1.) and what have been some of the main drivers (4.2.), 
barriers (4.3.), and impacts (4.4.), and policy recommen-
dations (Section “Recommendations to policymakers in 
2025”) was presented at these events. The main themes, 
challenges, and solutions from each section were listed and 
explained, with figures illustrated in this paper used to visu-
ally illustrate the scenario.

The feedback from these four sessions focused more on 
the clarity of exposition, providing more detail or improved 
coherence in the scenario, definitions, refinements to the 
methodology, and discussions around the limitations of 
future research in the area. This input was used to peer-
review the scenario and further improve it. For readabil-
ity and conciseness, the findings from the survey (stage 
1), workshop (stage 2), and stakeholder feedback (stage 
3) are presented in footnotes to avoid detracting from the 
scenario’s narrative. These footnotes highlight the sources 
of the findings and their impact on the scenario construc-
tion (footnotes beginning with ‘stages’ 1, 2, and 3 refer to 
the stakeholder engagement process from which the results 
were derived).

Scenario: AI in animal farming in 2032

This report examines events, activities, and progress in AI 
in the animal farming sector in Europe from 2022 to 2032. 
This report provides an overview of the sector’s main tech-
nological innovations in AI over the past decade (4.1) and 
what have been some of the main drivers (4.2), barriers 
(4.3), and impacts (4.4). This report highlights the most sig-
nificant events in AI in the animal farming sector over the 
past decade.

Technological progress in 2032

The use of AI in animal farming has grown dramatically 
in the past decade (2022–2032), particularly in sensors, 
drones, computer vision, machine learning, and GenAI.13 
The animal farming sector has seen many advancements 
in farm management systems that have helped improve the 
efficiency and quality of the production process for farm-
ers and agribusinesses (for example, improvements in AI 
genomics and animal breeding (Chafai et al. 2023; Xiang et 
al. 2023; Hamadani et al. 2024)).14 AI is also being used as a 

13  Stage 1: These were the main technological areas the stakeholders 
proposed to be most significant in animal farming.
14  Stage 2: The workshop participants did not indicate that there 
would be significant changes in the current research foci in the coming 

The scenario was written in a narrative ‘report’ style 
from 2032 (following the outline by (Wright et al. 2020)), 
looking back at the preceding years and developments in AI 
in animal farming. Narrative scenarios are still somewhat 
novel in academia, so the presentation of the scenario is not 
written in a traditional social science manner (i.e., present-
ing results from empirical research with a discussion of the 
results and the literature). Instead, the scenario encapsulates 
the results from the stakeholder engagement exercises (the 
sources of which are denoted in the footnotes) alongside our 
engagement with the literature in a single narrative piece. 
The citations demonstrate the scientific basis for the stake-
holders mentioned and referred to.

The first draft of the scenario was sent to the original 
group of workshop participants/survey respondents (N = 14) 
for review to confirm whether their views were incorpo-
rated correctly, whether anything was overlooked, and to 
elicit further reflections and general commentary on the 
scenario. In addition, a group of experts (N = 14) was asked 
to provide feedback on the scenario. This group consisted 
of those invited to the workshop and could not attend, but 
were interested in the topic. This process doubled the total 
number of stakeholders (N = 28), following the policy sce-
nario iterative step outlined in (Wright et al. 2020) (‘stage 
3’ in the stakeholder engagement process). They were asked 
three questions: 1. Is the scenario convincing (why/why 
not)?; 2. Are there any aspects in the scenario that you think 
should be changed (if so, what parts and changed to what?); 
3. After reading the entire scenario, what recommendations 
would you have to policymakers and key stakeholders now?

However, only six participants gave feedback at stage 
three-five workshop participants and one from the additional 
list of invited experts. While this feedback was rigorous, the 
low response rate (6/28) suggests difficulty obtaining feed-
back on a lengthy written text.

This observation made us reevaluate the final stage of 
stakeholder engagement, which (Wright et al. 2020) pro-
poses sending the scenario to 100+ stakeholders for input. 
Instead, the scenario was presented at four events (N = 64). 
In this way, we were guaranteed to receive more input on 
the scenario than we would have if we had expected people 
to provide feedback on an extensive written document.

The scenario was presented at a philosophy colloquium 
(N = 12),11 a technology ethics conference (N = 22),12 and 
two interdisciplinary agri-food innovation events (N = 30)—

for a total of N = 64. The participants at these events ranged 
from ethicists, social scientists, computer scientists, agri-
tech business developers, national government agri-tech 
managers, agri-tech providers, and representatives from 

11  October 1st, 2024.
12  October 3rd, 2024.
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with many farmers, particularly smaller farms, relying on 
traditional farming practices. In response to this, compa-
nies like Microsoft have begun implementing free ‘Prompt 
Schools’ and courses on prompt engineering for those in the 
agricultural sector to upskill and train farmers on correctly 
using Copilot for their business (Ekin 2023; Giray 2023; 
Henrickson and Meroño-Peñuela 2023; Ozdemir 2023). 
However, many working in animal farming have claimed 
that the ‘prompt school’ courses are more suited to crop 
farming and less for the animal farming sector.

What became visible in the early 2020s was that AI 
start-ups mainly focused on developing innovative solu-
tions to tackle food security (Klerkx and Villalobos 2024) 
and this led them to concentrate on identifying solutions in 
crop farming, while to a lesser degree in animal farming 
(GreyB 2024). However, several AI start-ups began notic-
ing this gap by the mid-2020s, which witnessed a slow 
and steady increase in start-ups focusing on AI in animal 
farming (Insights 2024; Europe 2024; 2024).19 One of the 
significant advances of these AI start-ups (and large compa-
nies) has been in sensor development (Džermeikaitė et al. 
2023; Tedeschi et al. 2021; Neethirajan 2020). Using IoT 
sensors to allow for massive amounts of data collection was 
fundamental for developing, training, and improving AI. In 
the past, there was often difficulty with sensors being dam-
aged, bitten, moved, and hit by farm animals, thus impact-
ing their effectiveness at retrieving data. Other factors, such 
as dust, moisture, and ammonia, impacted sensor function-
ing (Neethirajan and Kemp 2021). The late 2020s witnessed 
an explosion in the production of smaller, more durable, and 
cheaper sensors, which saw their uptake in animal farming 
around Europe increase (Kaswan et al. 2024).

Sensors (in particular, biosensors) have been imple-
mented to detect shifts in animal behaviour, monitor stress 
indicators, and estimate increased animal welfare indicators 
(AWIs) (Kaswan et al. 2024). These have been implemented 
to monitor and improve the health and welfare of farm ani-
mals and identify diseases (and allow farmers and veterinar-
ians to respond to them).20 The data retrieved from these 
sensors have been analysed through the use of AI algorithms 
to detect abnormalities and physical ailments (e.g., com-
puter vision to detect lesions and lameness) (Aydin 2017; 
Barney et al. 2023; Schlageter-Tello et al. 2018; Kang et al. 
2021, 2020), symptoms of illness (e.g., audio recognition 

literature and recent criticisms against OpenAI’s 2024 demonstration 
of ChatGPT 4.0. See here (Chen 2024).
19  Stage 2: The stakeholders stated that while AI use in animal farming 
has been slow to develop in the past, there are many indications that 
this is increasing and will continue to increase in the coming years.
20  Stage 1: 7/11 survey respondents indicated that monitoring animal 
health and welfare would be a huge focus of AI applications in the 
future, the most discussed focus from the surveys.

recommendation system for better farm practices15 through 
developments in dashboards to visualise data in the agricul-
tural sector, which are now much more user-friendly than 
when they were first introduced in the early 2020s (many 
reported a steep learning curve at the time (Sahni and Singh 
2024)). These AI-powered dashboards help visualise data, 
allowing many farmers to integrate it into data-driven man-
agement (Narra et al. 2020; Steup et al. 2019; van Klompen-
burg and Kassahun 2022; Niloofar et al. 2021). There has 
also been considerable growth in the use of AI chatbots for 
client support and advice in animal farming (Herrera et al. 
2022) and audio analytics to evaluate the sounds that farm 
animals make (Bishop et al. 2017, 2019; Jung et al. 2021; 
Norton et al. 2019; Olczak et al. 2023; Tullo et al. 2013; Xie 
et al. 2024).

These developments have also been supported by 
advancements in GenAI (such as synthetic data generation, 
video analysis, automated annotation, and audio analyt-
ics) (Fowler 2024). Since the advent of GenAI in the early 
2020s, there has been constant, steady progress in techno-
logical improvements in transformer-based deep neural net-
works, such as large language models (LLMs) (Zhao et al. 
2024).16 This allowed early innovators to develop advanced 
chatbots such as ChatGPT (OpenAI), Copilot (Microsoft), 
Gemini (Google) and LLaMA (Meta) (AlZu’bi et al. 2024; 
Teubner et al. 2023). The late 2020s saw increased partner-
ship and cooperation between traditional agricultural com-
panies (e.g., John Deere, Bayer, and Pioneer) and Big Tech 
companies developing AI recommendation systems (Ryan 
2020).17

However, the effectiveness of GenAI in animal farming 
is still contentious (Biswas 2023; Ray 2023). Many have 
claimed that OpenAI and Big Tech companies are not trans-
parent about AIs effectiveness, which has created mistrust 
toward large agribusinesses and Big Tech for overpromising 
and underdelivering.18 This has led to a reluctance to adopt, 

decade, so one can assume that the figures taken from this snapshot 
of the literature would remain relatively unchanged for the most part.
15  Stage 1: 5/11 survey respondents indicated this would be a huge 
focus of AI applications in the future.
16  Stage 2: while GenAI was only mentioned by one stakeholder in 
the survey, it was discussed extensively throughout the workshop with 
the stakeholders, reflecting that it will significantly impact the sector.
17  Stage 2: the stakeholders reflected that there would probably be a 
closer partnership between Big Tech and traditional agribusinesses in 
the coming years.
18  Stage 2: This was discussed quite a bit during the workshops. One 
participant was very hopeful based on the recent OpenAI demonstra-
tion of ChatGPT and its potential capacity for solving many animal 
farming challenges. While the other participants were certainly opti-
mistic about AI’s future benefits to the sector, many felt Big Tech often 
overpromised on what it could deliver in practice. There was a lot of 
hype about AI and the wonderful things it could do, but in reality, 
these often fall short in practice. This was also strongly reflected in the 
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and assumptions about the profession (i.e., long hours, hard 
physical labour, and poor pay) (Nduati 2024; Lewis 2024). 
In addition to a decline in the number of young farmers, 
the sector has witnessed an overall decline in the number 
of people working in agriculture over the past 20 years (See 
Fig. 4).

Over the past several years, there has also been indirect 
consumer pressure on the animal farming sector to adapt 
due to demand (changes in European diets due to health 
and ethical concerns related to meat consumption) (2024). 
In response to changing consumer demands, there has also 
been considerable growth in the consumption of cultured 
meats (2024; Liu et al. 2023), meat substitutes (Research 
2024; Statista 2024c), and dairy alternatives (Research 
2024), (Global Insights 2024a), (Innova Market Insights 
2024b).25 This concern has led to a decrease in European 
meat consumption (European Commission 2023) despite 
an overall increase in meat consumption globally (World 
Economic Forum; Organisation for Economic Co-operation 
and Development OECD). As a result, farmers were forced 
to increase exportation levels of animal products because 
of the decreased demand in Europe.26 These changes have 
also resulted in some farms closing or shifting towards crop 
production instead (Stone 2024; European Commission 

25  Stage 3: One participant stated that the changing climate of food 
preferences, diets, cultured meats, and animal product substitutes is 
increasing and will put pressure on the current animal farming system 
in Europe. Based on current forecasts, this appears to be a potential 
issue for the sector.
26  Stage 3: Three participants stated that there would be a clear cus-
tomer push for changes in the animal farming; despite this not being a 
significant topic of discussion in the survey or workshops.

of coughs from sick animals) (Zhao et al. 2020; Ijaz et al. 
2022; Kim et al. 2015; Preethi et al. 2020), and signs of dis-
tress or aggression (e.g., pig tail-biting) (Drexl et al. 2024; 
Subedi et al. 2023; Wei et al. 2023; Han et al. 2023; Bati and 
Ser 2023).21 However, some are still sceptical that AI can 
accurately detect animal welfare. Others claim that AI use 
is only guided by economic incentives to increase meat pro-
duction rather than for the intrinsic welfare of the animals 
(i.e., improving animal health and welfare is only an instru-
mental byproduct of producing more and better quality meat 
and animal produce) (Bos et al. 2018).22

Lastly, there has also been considerable momentum to 
decode animal vocalisations (Andreas et al. 2021, 2022; 
Mustill 2023).23 Researchers now believe that through AI, 
they have mapped many essential vocalisations from cows, 
pigs, and chickens that indicate specific meanings in human 
language (e.g., distress, play, and pain) (Gavojdian et al. 
2024, 2023; Shorten and Hunter 2023; Bishop et al. 2023; 
Adebayo et al. 2023; Neethirajan 2023d, 2024b).24 How-
ever, the scientific credibility of these findings is still being 
debated, with many claiming that they contain anthropo-
morphisms and human biases (Ryan and Bossert 2024).

Drivers of AI in animal farming in 2032

The landscape of animal farming across Europe witnessed 
enormous pressure in the 2020s to develop innovative solu-
tions to many of its challenges and bottlenecks. For example, 
attracting young farmers to the sector has been an ongo-
ing challenge for the past few decades (Eurostat 2024c), 
with a steady decline in the number of young farmers still 
entering the industry (Sutherland 2023). In 2005, 7.3% of 
European farm managers were under 35, which dropped to 
6.5% in 2020 and 5.5% in 2030 (Eurostat 2024c). Some of 
the causes of this decline have been the high entry costs 
of farming (Forum 2024), importation of cheaper meat out-
side the EU has put pressure on farmers to produce more 
with less to be economically viable (Czubak et al. 2023), 
increased pressure to adhere to environmental regulations, 

21  Stage 2: The stakeholders gave several examples of where sensor 
technology could advance and, in turn, benefit AI development.
22  Stage 2: This point kept coming up throughout the workshop. In 
particular, many felt that health and welfare were often conflated and 
used interchangeably but that health does not necessarily imply that 
the animal’s welfare is considered. Conversely, the animal’s welfare 
could be considered simply as a means to produce more and better 
quality food rather than any consideration for the intrinsic well-being 
of the animal.
23  Stage 1: 2/11 stakeholders mentioned these developments in the 
survey.
24  Stage 2: these examples were discussed in the workshop, and the 
potential to interpret animal vocalisations could have on the animal 
farming sector.

Fig. 4  The decline in the agricultural labour force in the eu over the 
past 22 years. This data is based on the Eurostat data on the decline of 
farmer numbers up to 2024 and uses a projected foresight (Excel) into 
the forthcoming years based on these trends. Data is calculated in total 
persons working in agriculture. Data can be found here ​h​t​t​p​s​:​​​/​​/​e​​c​.​e​u​​
r​o​p​​​a​.​​​e​u​/​e​​u​r​​o​s​t​​​a​t​/​​d​a​t​a​​b​r​​o​w​​s​​e​r​/​​v​​i​e​​​w​/​​e​​f​_​​l​f​​_​​​s​i​z​​e​_​​_​​c​u​​s​t​o​​m​_​1​2​​​6​8​​0​3​8​5​/​​d​e​f​
a​u​l​​t​/​t​a​​b​l​e​?​l​a​n​g​=​e​n
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provided economic benefits and efficiency improvements on 
several farms (Kutyauripo et al. 2023; Javaid et al. 2023).30

Throughout the 2020s, AI was packaged as a way to 
make human labour more effective and efficient (Sharma et 
al. 2023; Mishra and Mishra 2023; Ryan et al. 2023), and 
those in the sector implemented it to improve their com-
petitiveness in services and products. This was particularly 
appealing for farmers with larger herds/farms, and there has 
been a positive correlation between larger herds/farms and 
AI adoption (Abeni et al. 2019; Dilaver and Dilaver 2024; 
Carlberg and Jerhamre 2021). On these larger farms, adopt-
ing AI was seen as a way to make life easier for the farmer 
(Doidge et al. 2024, 2023) and to respond to an ageing 
labour force (Munnisunker et al. 2022a; Eurostat 2024a).31 
Farmers reported that they have to be on the farm (in person) 
less now because they can monitor most activities from the 
comfort of their homes (Munnisunker et al. 2022b). Many 
dairy farmers with large herds reported that AI-powered 
automated milking robots significantly reduced their work-
load, reduced overall labour needed for the job and gave 
them/their team more time (and energy) to concentrate on 
other jobs (Rodenburg 2012, 2017; Heikkila et al. 2010).

Early adopters of data-driven farm management soft-
ware, for example, in the Netherlands (which has consis-
tently been one of the top agri-tech pioneers), have reaped 
the benefits of this technology. It is estimated that over 90% 
of Dutch cows now wear sensors (either attached to their 
ear, collars, or legs) (Džermeikaitė et al. 2023; Neethirajan 
2020; Kaswan et al. 2024; Shorten and Hunter 2023). The 
high saturation level of AI use in cattle farming is a result of 
the success rate of detecting diseases in cows (e.g., mastitis 
(Ghafoor and Sitkowska 2021; Coatrini-Soares et al. 2023; 
Fadul-Pacheco et al. 2021; Lakshitha and Sajja 2024; Luo 
et al. 2023; Singh et al. 2022)). In particular, dairy farmers 
have been the strongest adopters of AI throughout Europe 
(Groher et al. 2020). Therefore, farmers were incentivised 
to deploy AI in cattle farming more so than in other types of 
farms (e.g., in pig and poultry farming (Sadeghi et al. 2023; 
Dong et al. 2024; Neethirajan 2023c, 2023a; Veldkamp et 
al. 2023)).32

30  Stage 2: All three workshop groups placed the ‘economic and effi-
ciency incentives’ post-it in the high-likelihood high-impact quadrant.
31  Stage 2: All three workshop groups placed the ‘labour shortage’ 
post-it in the high-likelihood high-impact quadrant.
32  Stage 3: One expert was adamant that the main benefits of AI in ani-
mal farming is for disease detection and animal welfare. The biggest 
growth would be seen in cows, which corresponds to what is being 
most researched in the literature. The participant mentioned that it is/
will be difficult to identify disease and improve health in pigs, broilers, 
laying hens, goats, and sheep. The increase in use of sensors and AI on 
the farm have to demonstrate an increase in profit to justify their use, 
as well. This is why it appears that one of the biggest potential growth 
areas will be AI use with cows (as it is easiest to detect disease with AI 
and also the reduction in disease outweighs the costs of investment).

2024e).27 As a result, there has also been an overall decrease 
in animal numbers in the EU, with bovine, pig, sheep, 
and goat numbers steadily declining since 2019 (Eurostat 
2024b) (see Fig. 5).

The declining number of farmers, the decreased demand 
for animal products, and the pressure to reduce emissions 
have pressured the sector to adapt.28 One significant push 
was encouraging digitalisation and technological solutions 
(e.g., AI) to meet the challenges needed for a just agricul-
tural transition (Ryan and Hoes 2024; Baur and Iles 2023; 
Rai et al. 2023; Okengwu et al. 2023). Governmental sup-
port and political decision-making within the EU have also 
been paramount during this transition, and the European 
Commission has repeatedly emphasised the importance 
of digitalisation (such as AI) in animal farming (European 
Commission 2024d, 2024g, 2024c).29 A key promise of AI 
was providing more significant insights into how farmers 
can deal with sustainability policy requirements and target 
management of reducing nitrogen, phosphate, and meth-
ane from animals (Nejad et al. 2024; Jeong et al. 2022; 
Neethirajan 2024d). Some farmers have been able to opti-
mise the composition of their feeds, feed times, and feed 
quantities based on increased scientific research in this field 
and increased optimisations of their farming practices. This 

27  Stage 3: One participant stated that there is a changing climate in 
animal farming in the EU, with much pressure being placed on farmers 
and that many would not be able to sustain their current practices in 
the face of changing demands, emission policies, and dietary patterns.
28  Stage 3: One participant emphasised that there will be a myriad of 
issues and challenges in the sector that will need to be responded to 
and that it is not only one specific issue on its own.
29  Stage 2: Two workshop groups placed the ‘governmental support/
political decision-making’ post-it in the high-likelihood high-impact 
quadrant, while one group put it in the high-likelihood low-impact 
quadrant.

Fig. 5  Decrease in farm animals in the eu over the past 12 years. This 
data is based on the Eurostat data on the decline of farm animal num-
bers up to 2024 and uses a projected foresight (Excel) into the forth-
coming years based on these trends
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2024a).36 Discussions are underway about whether audio 
analytics methods should become mandatory on European 
pens, as they are in slaughterhouses across Europe (due to 
the AI in Slaughterhouses Act of 2029).37 The work done 
by the European Food Safety Authority (EFSA) was para-
mount in defining and better understanding animal welfare 
in the context of AI use, particularly calves (EFSA Panel on 
Animal, Health and Animal, Welfare AHAW 2023), broiler 
chickens (EFSA AHAW Panel EFSA Panel on Animal 
Health and Welfare 2023), and pigs (EFSA Panel on Ani-
mal, Health and Welfare AHAW 2022).

Over the past several years, the European Commission 
has also opened funding calls for AI research projects in 
animal farming (e.g., HORIZON-CL6-2023-GOVER-
NANCE-01–14: Digital and data technologies for livestock 
tracking) (Rai et al. 2023). Many of these projects spawned 
new research and scientific developments, culminating in 
the emergence of numerous start-ups developing AI for ani-
mal farming.38

The overall list of drivers of animal farming is shown in 
Fig. 6.

36  Stage 3: One participant emphasised the importance of using AI for 
risk management on the farm. AI holds the potential to identify disease 
and prevent it on an individual farm basis, but identifiable patterns may 
also emerge among and between farms, where one can determine and 
manage risks.
37  Stage 2: Two workshop groups placed the ‘AI applications (like 
checks/audits) becoming mandatory’ post-it in the low-likelihood high-
impact quadrant. In contrast, one group put it in the high-likelihood 
and high-impact quadrant. During the workshop discussions, there was 
a firm emphasis on the use of AI in slaughterhouses, with many suc-
cess stories already being mentioned. The participants reflected that 
there was a strong possibility that AI applications would become man-
datory in slaughterhouses to reduce unnecessary suffering.
38  Stage 2: All three workshop groups placed the ‘scientific advance-
ments’ post-it in the high-likelihood low-impact quadrant.

A contributor to the integration of AI in animal farm-
ing was the pressure from non-governmental organisations 
(NGOs) and civil society organisations (CSOs) on farmers 
to reduce the spread of disease on farms and improve ani-
mal welfare (Casnici et al. 2024).33 These organisations had 
a strong presence and were vocal in ensuring certain types 
of AI were deployed in animal farming to reduce suffering, 
monitor diseases, and take effective action on farms. The 
agenda of NGOs and CSOs was very much focused on AI 
applications that supported their agenda of reducing disease 
(Nemitz 2024), improving animal welfare (SCAR Collabor-
ative Working Group on Animal Health and Welfare 2024), 
and reducing carbon emissions in the sector (2023).34 NGOs 
and CSOs also led public campaigns on AI audio analytics 
results to demonstrate pigs’ suffering in many farms, which 
were quite effective at gathering public support and initiating 
policy discussions.35 All Dutch slaughterhouses have imple-
mented audio and visual analytics in their facilities (Voogt 
et al. 2023; Kim et al. 2023; Sandberg et al. 2023). The data 
retrieved from these sensors has helped farmers identify 
farm animal disease, lameness, location and movement pat-
terns, eating and drinking patterns, body temperature, and as 
a form of risk management on the farm (Neethirajan 2023b, 

33  Stage 2: All three workshop groups placed the ‘NGO/civil society 
pressure’ post-it in the high-likelihood high-impact quadrant.
34  Stage 2: Two workshop groups placed the ‘improved animal health 
and welfare’ post-it in the high-likelihood high-impact quadrant, while 
one group put it in the low-likelihood and high-impact quadrant.
35  Stage 2: One workshop group placed the ‘public opinion/consumer 
demand’ post-it in the high-impact high-likelihood quadrant, one in 
the high-impact low-likelihood quadrant, and one in the low-impact 
low-likelihood. Thus, it was indicated that it may have some likelihood 
of occurring and have some level of impact. Therefore, its importance 
was not overemphasised in the scenario as much as the other topics. 
They indicated in the workshops that public opinion would only have a 
significant impact in the case of a big scandal in the sector. Otherwise, 
it would be a much less significant driver of AI in animal farming.

Fig. 6  Drivers of AI in animal 
farming
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only a few animals (e.g., Romania (En V. Ministerie van 
Landbouw 2024)).43 However, farmers with larger farms 
viewed it as more beneficial. Many indicated that they were 
not worried about high entry costs44 or that AI use would 
bring them economic benefits45. This is because there has 
been a clear awareness within the sector for many years that 
farmers would not invest in AI unless there was an obvious 
economic benefit or it would make their lives easier (Ryan 
et al. 2023; Pedersen et al. 2024; Gemtou et al. 2024).46 
Therefore, agribusinesses developed approaches that would 
benefit both parties, such as allowing stakeholders to adopt 
AI-driven robots and recommendation systems for ‘free’ 
in exchange for the data retrieved or because the farmer is 
already paying for other technologies, the company is pro-
viding (e.g., milking robotics companies found it easier to 
attach sensors and cameras on their milking robots, which 
were already being sold or leased to farmers) (Ryan et al. 
2023).

However, many farmers pointed out that they were uncer-
tain whether AI would give them the correct recommen-
dations and if the provided solutions would always fit for 
purpose (Chaterji et al. 2020).47 There were many technical 
reasons for this; for example, in the area of audio analyt-
ics, there was a prevalent challenge with trying to identify 
which animal was making what sound on the farm and to 
reduce the level of the background noise (also known as 
the ‘cocktail party’ problem) (Liao et al. 2023), determining 
what the sounds of farm animals mean (Coutant et al. 2024; 
Neethirajan 2024c), and the difficulty of developing robots 

43  Stage 3: One of the participants was adamant that a distinction 
needed to be made between farms with many animals and places with 
low animal density, giving the example of Romania. He felt this would 
greatly impact the level of AI adoption as these farmers would not see 
it as beneficial.
44  Stage 2: One workshop group placed the ‘high entry costs’ post-in 
in the high-impact high-likelihood quadrant, and two groups placed it 
in the high-impact low-likelihood quadrant. Stage 1: Similarly to the 
high entry costs barrier, this was the second most mentioned barrier 
in the survey (5/11 mentioning it), despite two groups putting it in the 
low likelihood quadrant. This placement indicates that it is one of the 
most obvious and clear barriers, but the participants believed it would 
be resolved in the future.
45  Stage 2: All three workshop groups placed the ‘lack of added value/
incentives’ post-it in the high-impact low-likelihood quadrant. Stage 
1: This contrasts with the surveys, as 6/11, who conducted the survey, 
described this as a barrier. It received the highest number of respon-
dents, mentioning it as a specific barrier. This indicates that it is one 
of the most evident barriers. Stage 2: Still, the participants believed it 
would get resolved in the future (e.g., all three workshop groups placed 
it in low likelihood).
46  Stage 3: One participant correctly pointed out that economic gain is 
not the only reason farmers adopt technologies; they also adopt them 
to make their lives easier.
47  Stage 2: Two workshop groups placed the ‘technological readiness/
scientific merit’ post-it in the high-likelihood high-impact quadrant and 
1 in the high-impact and in-between high and low likelihood quadrant.

Barriers to AI in animal farming in 2032

As a result of the many developments in using AI visual 
recognition, audio analytics, and sensor development in 
slaughterhouses in the mid-2020s (in Belgium (Locks 2024; 
2024), the Netherlands (Janssen 2024; Deloitte 2024; VION 
Food Group 2024), and Germany (EuroMeatNews ‘Moni-
toring animal welfare using AI’ 2024)), demonstrating how 
AI can reduce animal suffering in these environments.39 
This early research was adopted in many Western European 
countries throughout the latter half of the 2020s, result-
ing in a push from the EFSA to stimulate policy further to 
improve the welfare of animals in slaughterhouses (2024).40 
The Slaughterhouse Act of 2029 was a pivotal document for 
the use of AI in animal farming, as it required all slaughter-
houses to be able to monitor distress and animal welfare at 
the slaughterhouses (Voogt et al. 2023).

Despite the success in slaughterhouses, the lack of 
requirements to implement AI in other areas was a signifi-
cant barrier to its adoption in many places where it could 
have been most beneficial.41 Many NGOs and CSOs claim 
that Europe’s worst animal welfare offenders should be 
forced to adopt animal welfare monitoring AI (Väärikkälä 
et al. 2020). However, this has been difficult to implement 
because those with high animal welfare offences do not 
want to be monitored (i.e., it would harm profit, they do not 
want their harmful practices public, and they do not want to 
face fines or sanctions). There has been pressure on the EU 
to implement better strategies and enforcement of adoption 
in these areas; for example, the animal rights organisation 
PETA has stated that these forms of AI need greater enforce-
ment in other significant animal welfare offenders such as 
zoos and circuses (as one of their many objectives to reduce 
and altogether eliminate animal suffering and abuse in these 
places).42

Aside from adoption in slaughterhouses, AI use has been 
somewhat mixed throughout Europe, with a much greater 
propensity of adopters having larger farms where they 
viewed it as having more of a benefit than farmers with 

39  Stage 3: The participants pointed to many of these examples that 
were already currently underway in the field and illustrated that their 
current success is already being discussed at national and EU-levels.
40  Stage 3: These efforts were addressed by the participants, emphasis-
ing the work that EFSA is already doing in the area. They mentioned 
that the EFSA is aware of the benefits of AI in slaughterhouses and 
they foresaw that further action would be taken in this area in the forth-
coming years.
41  Stage 2: One workshop group placed the ‘lack of enforceability to 
adopt’ post-it in the low-impact low-likelihood quadrant, one group 
placed it in the low-impact high-likelihood quadrant and one group 
placed it in the high-impact low-likelihood quadrant.
42  Stage 1: Two survey participants clearly mentioned the need to 
implement animal welfare AI in circuses and zoos as well.
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being shared (Rotz et al. 2019; Atik 2022) (often referred 
to as ‘data ownership’ or ‘data sovereignty’ (Ryan et al. 
2024)).52 Underpinning these issues were concerns around 
dependency on, and power dynamics of, large tech compa-
nies and agribusinesses (Ryan 2020; Sullivan et al. 2024; 
Bronson and Sengers 2022). Even though European legisla-
tion (e.g., the General Data Protection Regulation (GDPR) 
(European Union 2016), the Data Governance Act (DGA) 
(European Commission 2024f), and the Data Act (DA) 
(2024)) was created to help ensure more transparent and 
fairer data sharing in the EU; many felt that these laws often 
overlooked agricultural data because it was not consid-
ered ‘personal’ data (Atik 2023b, 2023a). The uncertainty 
concerning agricultural data-sharing hindered European 
AI development because of concerns around data-sharing, 
which impacted AI innovation because of the sector’s 
dependence on agricultural data for training algorithms 
(Sullivan et al. 2024; Atik 2023a; Šestak and Copot 2023; 
Susha et al. 2023; Rozenstein et al. 2024).

The list of barriers to AI in animal farming can be seen 
in Fig. 7.

Impacts of AI in animal farming in 2032

In the past decade (2022–2032), AI development, deploy-
ment, and use in the animal farming sector have had many 
positive and negative impacts on stakeholders. While the 
development, deployment, and use of AI have brought 
many benefits to some stakeholders in the animal farming 
sector, others viewed these companies as overpromising and 
underdelivering. In addition, the development and use of AI 
created several economic, ethical, legal, and social impacts 
on animal farming.53

52  Stage 2: All three workshop groups placed the ‘data ownership’ 
post-it in the high-likelihood high-impact quadrant.
53  Stage 2: This was a serious point of agreement amongst the work-
shop participants. In the fourth part of the workshop, the participants 
all disagreed with a part of one of the statements that read: ‘Using AI in 
animal farming reduces risks, and potential harms will be negligible’. 
There was general consensus in the room that the harms would not be 
negligible.

to navigate in unstructured environments (Gil et al. 2023). 
The lack of tangible results also exacerbated farmers’ mis-
trust of companies and the sector’s promise of AI solutions 
(Sullivan et al. 2024; Gardezi and Stock 2021; Gardezi et 
al. 2023).48

Another aspect was that many farmers believe that farm-
ing is a skill, and AI is incapable of replacing their knowl-
edge and abilities (Ryan et al. 2023; Gardezi et al. 2023; 
Ryan 2022). This created a divergence throughout Europe 
between those embracing the latest innovations and tech-
nologies and others who remained sceptical, sticking to tra-
ditional farming methods. The latter believed AI was not a 
solution to the issues they faced, and greater digitalisation 
would harm their profession and the value of farming (van 
der Burg et al. 2022; Ryan et al. 2021). Many felt that AI was 
often designed without involving the end-user (e.g., veteri-
narians (Doidge et al. 2024) and farmers (Rose and Chilvers 
2018; Bronson 2019)) and did not take into account their 
needs and experience.49 Therefore, a considerable barrier 
to deploying AI on European farms was pushback on the 
explainability, usability, and transparency of AI and mistrust 
in the companies providing them (Doidge et al. 2024, 2023).

A contributing factor to this mistrust and an additional 
barrier to AI adoption in the EU was the challenge of upskill-
ing and training end-users in AI (e.g., farmers, veterinarians, 
and farming advisors) (Doidge et al. 2024; Michailidis et 
al. 2024; Renda 2024; Ra et al. 2019)50 and ensuring the 
user-friendliness and usability of AI on the farm (Doidge et 
al. 2024, 2023; Rotz et al. 2019a). While many AI recom-
mendation systems and farm management tools were inte-
grated into smartphone technology (Elbehri and Chestnov 
2021; Mendes et al. 2020), many end-users reported that the 
learning curve was too challenging or that there was a lack 
of customer support to help them (or it was too time-con-
suming) (Javaid et al. 2023; Gardezi et al. 2023; Manning 
2024). This led to a significant drop-out rate among those 
who initially adopted these on their farms.

In addition to this, many in the sector were worried about 
privacy and security51 and who owns or controls the data 

48  Stage 2: One workshop group placed the ‘mistrust in AI’ post-it 
in the high-impact high likelihood category, one group in the high-
impact and between high and low likelihood, and the third group put it 
between high and low impact and high likelihood.
49  Stage 3: several participants emphasised this point and pointed out 
that veterinarians needed to be considered.
50  Stage 2: One workshop group placed the ‘skills of end-user/lack of 
upskilling ‘post-it in the high-impact high likelihood, one group placed 
it in the high-impact and in-between high and low likelihood, and the 
third group placed it in the low impact and in-between high and low 
likelihood quadrant.
51  Stage 2: Two workshop groups placed the ‘lack of legislation’ post-
it in the low-impact low-likelihood quadrant, and one group placed it 
in the high-risk high-likelihood quadrant.

Fig. 7  Barriers to AI in animal farming
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increased in the early 2020s (Bossert and Hagendorff 2021, 
2023; Hagendorff et al. 2023; Singer and Tse 2023; Cogh-
lan and Parker 2023; Debauche et al. 2021; Ziesche 2021). 
This significantly affected how AI was deployed in animal 
farming and the types of ethical impacts that resulted. Many 
have proposed that the increased deployment of AI on farms 
has dramatically improved the lives of farm animals (e.g., 
in slaughterhouses), while others have been sceptical about 
its effectiveness, often claiming that the industry as a whole 
is ethically flawed and nothing but its complete abolition 
would suffice (Reece 2018).57

On the one hand, proponents of AI claim that increased 
data has improved computer vision and audio analytics, 
enabling better individual animal care (e.g., in slaughter-
houses). The Slaughterhouse Act has significantly reduced 
the suffering and distress of animals in abattoirs. It has also 
led to several companies installing sensors and using AI to 
monitor and reduce the stress and suffering of animals dur-
ing transportation to slaughterhouses, which received early 
support and encouragement from the EFSA (EFSA Panel on 
Animal, Health and Welfare AHAW 2022).58

On the other hand, many others still claim that success in 
slaughterhouses is only one part of the animal’s life and that 
AI does not fundamentally improve their overall welfare on 
the primary farm.59 These ‘small wins’ are not enough and 
are used by industry to distract away from (or ‘Greenwash’) 
an entirely corrupt and abusive system toward animal wel-
fare.60 They propose that AI should not be seen as the solu-
tion to resolve an entirely broken and exploitative industry. 
If anything, AI is being used as simply another tool to 

57  Stage 1: In the survey and the third round of statements in Sec-
tion “Scenario: AI in animal farming in 2032” of the workshop, the 
participants were very divided about whether or not AI will provide 
an overall benefit or harm to animal welfare. In stage 2, the group was 
split down the middle on both sides, and everyone (except for 1 person 
who strongly believed that AI use would produce an overall negative 
impact) was at the back of the room (they were least certain about 
their position). They stated that both impacts were already occur-
ring (positive and negative impacts on animals) and that the situation 
largely depended on how it would be applied and regulated. Based on 
their comments and feedback throughout this workshop section, these 
mixed feelings were accounted for in the paper. All of the statements 
made were reflections by the workshop participants.
58  Stage 3: One participant pointed toward the efforts being made by 
EFSA to monitor animal welfare during transportation better. They 
saw the success of AI in slaughterhouses, leading to the implementa-
tion of AI and the improvement of animal welfare in transportation, 
as well.
59  Stage 2: This was a criticism of one of the participants in the work-
shop – while there are successes at slaughterhouses, there is still a long 
way to go in the sector to improve animal welfare in animal farming.
60  Stage 2: The potential for greenwashing in the sector was a con-
siderable concern in the workshop and was mentioned several times 
throughout the day. The participants reflected that there should be 
greater effort to implement AI that has a real impact on improving ani-
mal welfare and not only to give the appearance of ethical behaviour.

Economic

There were many early projections about the economic 
growth of AI in agriculture. These ranged from $1.5 billion 
(Pangarkar 2024) to $26 billion (Reports 2024), with many 
proposing somewhere between this amount (e.g., $6 billion 
(Intelligence 2024) to $7.5 billion (Sets 2024)). In reality, 
the market grew substantially from its level of $7 billion in 
2023 (MarketsandMarkets 2024) to an estimated $12 billion 
last year (2031). AI in animal farming accounted for a con-
siderable part of this investment, with many claiming that 
this growth was spurred by pressure on farmers to reduce 
emissions caused by farm animals, alongside increasing 
productivity (2024).

One of the biggest drivers for adopting and implementing 
AI in animal farming was the pressure to ensure efficient 
mass food production and a sufficient earning capacity for 
the farmer.54 For the most part, AI has become cheaper and 
more accessible for farmers (Ryan et al. 2023) and has helped 
some farmers reduce their economic costs. For example, 
computer vision has allowed them to identify abnormalities 
and illnesses in farm animals (Sandberg et al. 2023; Chen et 
al. 2021; Fuentes et al. 2022; Jorquera-Chavez et al. 2020, 
2021; Nasirahmadi et al. 2017; Okinda et al. 2020; Orandi 
2023), which has helped aid decision-making and reduced 
veterinary visits or unnecessary antibiotic administration 
costs (Javaid et al. 2023; Fuentes et al. 2022).55

Ethical

Since the early days of AI deployment in agri-food, there 
have been many concerns surrounding the ethical impacts 
of its use (van der Burg et al. 2022; Ryan et al. 2021; Dara 
et al. 2022; Mark 2019). These concerns were related 
to ‘transparency, justice and fairness, non-maleficence, 
responsibility, privacy, beneficence, freedom and autonomy, 
trust, dignity, sustainability, and solidarity’ (Ryan 2022), the 
instrumentalisation of animals (Bos et al. 2018; Giersberg 
and Meijboom 2023), and farm surveillance (Stock and 
Gardezi 2021).56

One area that often came up in the agri-food literature, but 
which was often overlooked in many early AI ethics guide-
lines and frameworks, was animal welfare (Ryan 2022). 
An awareness of animal welfare in AI ethics discussions 

54  Stages 1 and 2: This point was emphasised many times during the 
surveys and the workshops, and many felt it was a key point that would 
underpin the increased adoption of AI in the sector.
55  Stage 2: The workshop participants discussed this, which was also 
a significant research focus in the literature (see previous footnote).
56  Stage 3: One respondent felt that the instrumentalisation of animals 
and farm surveillance would be significant ethical issues in the com-
ing years.
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Another legal impact of AI deployment in animal farm-
ing is the lack of clarity around who owns the data retrieved 
from farms63 and who is allowed to share specific data 
(Doidge et al. 2024; Mark 2019; Maru et al. 2018; Sand-
erson et al. 2017; Wiseman et al. 2019; van der Burg et al. 
2020). These concerns led to increased data legislation in 
the EU in the early 2020s. On the one hand, these efforts 
helped ensure greater privacy and security of farmers’ data, 
a significant concern in the early adoption rates of AI in the 
sector. On the other hand, it often made data-sharing more 
difficult, which some claim hampered the development of 
AI because of the dependence on data to train animal farm-
ing algorithms.64

Social

There have also been quite striking social impacts, particu-
larly in how it has affected power asymmetries and market 
grabs by influential players (Ryan 2020; Bronson and Sen-
gers 2022; Campolo and Crawford 2020; Clapp 2021). In 
the early 2020s, there was concern that if the legislation did 
not keep up with AI developments, it would allow influen-
tial food producers, supermarkets, and big tech companies 
undue influence and control over the sector. The AI Act in 
2024 (European Commission 2024a), alongside several ISO 
and standardisation protocols, were implemented in Europe 
to try to counter these impacts. These policies and standardi-
sation guided AI development and deployment in the agri-
food domain (Laux et al. 2024; Garrido et al. 2023).

While the agri-food sector has felt many impacts from AI 
over the past decade, AI has also impacted the lives of farm-
ers and farm workers. In a recent survey of farmers who 
adopted AI between 2025 and 2030, most indicated that 
they believed AI brought an overall benefit to their lives.65 
Despite this, some farmers reported uncertainty about AI 
or felt the downsides of adoption outweighed the benefits 
(particularly many of the social impacts on their profession, 
which will be discussed later).66

63  Stages 1 and 2: This was one of the most discussed legal issues in the 
surveys and the workshop and was a key priority for the stakeholders.
64  Stage 3: One respondent pointed out that data regulation could also 
have a negative impact in the sector, as well as protecting farmers.
65  Stage 2: This estimate and input were retrieved in the fourth part of 
the workshop, as described in Section “Constructing the scenario” of 
this paper. In this section, 10/14 participants stood on the side with the 
statement that AI will bring an overall positive benefit to the lives of 
farmers. Statement A read: ‘The use of AI in animal farming will pro-
vide greater economic benefits, easier jobs, better farm management, 
better care for their animals, and more ethical farming for farmers’.
66  Stage 2: These results emerged from the workshop, where only 4 
participants stood on the side of statement B, which indicated a largely 
negative impact on farmers. However, all 4 participants stood right 
at the back of the room, indicating they were less confident that the 
overall impacts on farmers would be negative. Statement B read as 

further dehumanise, objectify, and reject the intrinsic value 
of these animals (Bos et al. 2018; Neethirajan and Kemp 
2021; Neethirajan 2023b).

Aware that abolishing animal farming is not realisable in 
the near term, many animal welfare organisations conceded 
to working with (rather than against) the sector. While they 
have been (and still are) against animal farming (the ‘ideal’), 
they claim AI has improved many aspects of animals’ lives 
and is a step in the right direction. They have often chosen to 
work with, rather than against, those integrating and using 
AI in animal farming while pursuing their goal of reduc-
ing animal suffering and eventually the abolition of animal 
farming altogether (often referred to as ‘non-ideal’ theory in 
animal ethics (Garner 2013; Bovenkerk et al. 2024)).61

Legal

The EU was one of the first to implement AI legislation (the 
AI Act in 2024) (European Commission2024a) and was a 
pioneer in providing guardrails to ensure AIs ethical devel-
opment and use. However, many found implementing these 
recommendations in the agricultural sector challenging 
because they felt they did not apply to the sector or were too 
vague and generic to implement. It was also often unclear 
who was responsible for ensuring AI was legally imple-
mented (Alexander et al. 2024). Farmers also felt that AI 
legislation was aimed more toward larger tech companies 
and those developing AI, and governments did not provide 
enough support for adopting AI or how to abide by legal 
requirements in practice (Adereti et al. 2024).62

Despite this, several legal concerns emerged related to 
large tech companies. For example, ChatGPT 7, released 
March 14th 2030, uses highly advanced voice, multilingual, 
and vision capabilities, allowing for direct communication 
and interaction between the farmer and the chatbot (2024), 
but there has been controversy that it has been trained on 
copyrighted data belonging to agricultural technology pro-
viders (ATPs) (Zia-Ul-Haq 2023; Lucchi 2023; McGee 
2023). Several ATPs are filing large lawsuits against Ope-
nAI for copyright infringement (The Guardian 2024; Kri-
etzberg 2024).

61  Stages 2: This point became very clear throughout the workshop, 
with many of the different animal welfare organisation representatives 
stating that they have/are working with companies developing and 
deploying AI on farms and with animal farmers using these technolo-
gies. They believe that the industry will not change overnight and that 
improving animal health and welfare through AI tools is a step in the 
right direction.
62  Stage 2: One workshop group placed the ‘lack of governmental 
support’ post-it in the high-impact high-likelihood quadrant, one group 
placed it in the high-impact low-likelihood quadrant, and one group 
placed it in the low-impact low-likelihood.
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and precise policymaking recommendations is very chal-
lenging. Because AI in animal farming is relatively new, 
these recommendations provide a novel first step toward 
addressing these issues.

It must be noted that four policymakers were included in 
the initial survey and workshop and provided feedback on 
the drafting of these recommendations. At the same time, 
several policymakers also participated in the four events 
where the scenario was presented. This allowed for gath-
ering insights from, and directly to, policymakers on the 
content of this scenario. In addition, the results of this sce-
nario will be presented to Dutch and EU policymakers after 
the final version has been published, to provide them with 
insights into this scenario.

While AI offers great promise for the animal farming sec-
tor, policymakers must be open but realistic about its poten-
tial.68 The first recommendation is that policymakers should 
implement adequate education on AI in animal farming.69 
Education policy should stimulate an open-minded, learn-
ing-focused, critical attitude towards these opportunities 
and AIs potential impacts and risks. This requires learning 
AI techniques and critically reflecting on their implications 
for farming practices. There should be an acknowledgement 
of what AI can and cannot achieve; for example, the limits 
of quantitative, generalisable methods to address qualita-
tive, singular behaviour, animal integrity, and intrinsic value 
from an ethical perspective.70 Policymakers should focus on 
concrete examples and successful applications of AI in the 
field.71 However, they should not lose sight of the basics for 
animal welfare, such as the need for a good barn with suf-
ficient space to perform natural behaviour.72

A second recommendation concerns the development of 
an ethical framework for using AI in animal farming with 
stakeholders.73 Implementing such frameworks enables 

68  Stages 1, 2, and 3: Recommended by 3/11 survey respondents. It 
was discussed in the workshop, and participants also mentioned it in 
their comments about the scenario in Stage 3 when asked again about 
recommendations to policymakers.
69  Stage 3: The stakeholders emphasised the importance of education 
and appropriate training for people in the sector about AI in general 
and the benefits and potential impacts of using it in animal farming.
70  Stages 1, 2, and 3: The stakeholders emphasised the benefits that AI 
could bring to the sector, but they also noted that these benefits should 
be met with openness and scepticism. AI’s potential usability and ben-
efits should not be taken for granted, and policymakers should make 
decisions based on sound scientific evidence.
71  Stage 1: 2/11 stakeholders mentioned this as important.
72  Stage 3: One stakeholder emphasised the need to focus on non-
digital solutions to improve animal welfare, such as good barns and 
suitable living conditions for animals, rather than the incorporation 
of AI. They mentioned that these were essential prerequisites before 
deploying AI.
73  State 2: This was a strong focus in the workshop, with several 
stakeholders referring to the need for ethical guidance through a set of 

As a result of AI deployment and use, the nature and role 
of the farmer, veterinarian, and feed advisors have changed 
(van der Burg et al. 2022; Ryan et al. 2021; Giersberg and 
Meijboom 2023).67 While some have claimed improvements 
in efficiency and production levels, others shared concerns 
about what their jobs have become and what it now means 
to be a ‘good farmer’ (Driessen and Heutinck 2015) or a 
‘good vet’ (Doidge et al. 2024). Despite the improvement in 
their farms (Lundström and Lindblom 2021), some feel that 
the increased automation of their farms has led to a loss of 
control and freedom in their roles (Goodman 2023; Unay-
Gailhard and Simões 2022; Ogunyiola and Gardezi 2022; 
Klerkx et al. 2019).

In addition, several farmers have reported losing out on 
their interaction with their animals, as there is less need for 
their physical presence in the barns and stables (van der 
Burg et al. 2019). They can do much of their work from their 
living room (on their computer), so it is difficult to justify 
going to the farm when the weather is bad. As a result, some 
have lost their sense of purpose or claim that the fun has 
been taken out of farming (van der Burg et al. 2022).

Some veterinarians embrace AI and data-driven solutions 
as supportive tools to assist them in their roles (Giersberg 
and Meijboom 2023). They see the benefits of working with 
(rather than against) AI (Giersberg and Meijboom 2023). 
However, other veterinarians are worried that farmers are 
becoming over-reliant on AI without consulting them and 
are apprehensive about the future of their profession and the 
accuracy of recommendations given by AI (Doidge et al. 
2024). They warn that AI should not replace veterinarians 
because it is not always accurate or provides correct advice. 
Instead, farmers should consult with their local veterinarian 
regularly and also use AI (Giersberg and Meijboom 2023).

Recommendations to policymakers in 2025

The previous sections have focused on many potential chal-
lenges, issues, and opportunities AI may bring to the animal 
farming sector. This section will focus on the kinds of rec-
ommendations and actions policymakers should take now to 
ensure desirable outcomes from AI in animal farming, while 
addressing potential challenges and issues. These policy 
recommendations arose throughout the survey, workshop, 
and feedback sessions on the scenario. Providing clear-cut 

follows: ‘The use of AI in animal farming will result in less control of 
their farms because of technological lock-in with food manufacturers 
or tech companies; the role of the farmer will become a labourer on 
their farm, job loss, and more cumbersome regulations to follow’.
67  Stage 3: One respondent added that they will dramatically also 
impact the role of veterinarians, feed advisors, and other stakeholders 
and not only farmers.
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alignment.80 Policymakers must consider their responsibil-
ity for the public domain, their role in protecting society 
against AI-based systems and steering the employment of 
AI-based systems towards sustainable, ethically acceptable, 
and socially desirable use.

Lastly, while AI and data legislation are necessary and 
helpful for ensuring fair and transparent data sharing in 
Europe, greater clarity, translation, and assistance are 
needed for data sharing in animal farming. It should be 
clear to animal farmers how they can share data, to whom, 
and in what ways. There should also be proactive steps to 
ensure that farmers benefit from sharing their data, which 
trains LLMs and AI recommendation systems, which they 
may need to purchase to optimise their farms in the future. 
The steps towards data-sharing and use in animal farming 
should be made more accessible in the sector.

Conclusion

This paper took a forward-looking view of the benefits and 
challenges that AI may create in animal farming by the year 
2032. Through several rounds of stakeholder engagement, 
this paper mapped a future scenario for AI in animal farm-
ing, identifying technological developments, potential driv-
ers, barriers, and impacts. Although the scenario shows the 
opportunities of AI-based systems, like the potential posi-
tive impact on animal health and welfare and its assistance 
with food safety issues and increased environmental per-
formance, it also shows that the discrepancy between the 
expectations of AI technology (e.g., access to training data) 
and concerns of farmers (e.g., risks involved in data shar-
ing) will remain over time. A similar discrepancy can be 
observed between societal expectations regarding animal 
farming and the sector’s actual performance, for instance, in 
animal welfare. It can be expected that AI provides oppor-
tunities to reduce this discrepancy (as indicated by the case 
of slaughterhouses). Still, it also poses the possibility that 
this discrepancy increases due to the digitalisation of animal 
farming (as indicated by concerns regarding the commodifi-
cation of agricultural production).

Overall, this paper concluded with five recommendations 
for policymakers: 1. Initiate education programmes on AI 
in the sector; 2. Create ethical guidelines for AI in animal 
farming; 3. Science policy should be realistic and not only 
rely on technical solutions like AI; 4. Ensure public safety 
from harm caused by AI; and 5. Implement better guidance 
on data-sharing in the sector. These recommendations can, 
and should, be implemented at different levels from regional 
and local to national, international, and transnational 

80  Stages 2 and 3: The stakeholders emphasised the importance of dif-
ferent data and AI legislation, stating that efforts should be made to 
ensure those using AI in animal farming are well protected.

the assessment of AIs ethical implications in animal farm-
ing and exploring opportunities for redesign to prevent or 
address these implications.74 The sector should not under-
take such an assessment and exploration alone; it requires 
an interdisciplinary approach in which humanities scholars, 
social scientists, and engineers are stimulated to collaborate 
on sustainable, socially desirable, and ethically acceptable 
solutions.75 Such an approach should also include represen-
tatives from the quadruple helix of industry (tech providers, 
farmers), policymakers (regional, national, and transna-
tional), academia, and civil society (consumers, citizens, 
and NGOs). An ethical advisory board or committee at the 
EU level could facilitate the evaluation of particular ethical, 
legal, and social issues.76

A third policy recommendation concerns science policy.77 
Although many AI-based systems are already on the market, 
more advanced AI systems are still in the introductory sci-
ence phase with low technological readiness levels (TRL). 
They provide sustainability, welfare, and health opportuni-
ties but require more investment to test their potential in 
high-level TRL applications and their scalability. Precise 
science policy requirements can help to prevent the devel-
opment of costly AI-based systems to solve problems that 
conventional technologies can appropriately solve.78 This is 
especially important to consider in light of the high environ-
mental costs involved in AI development (energy costs to 
store data, train the models, and run the systems). Research 
policy should stimulate interdisciplinary research involv-
ing behavioural sciences (e.g., psychologists), humanities 
scholars, and technical sciences.79

A fourth recommendation concerns industrial policy 
and the connection between ICT and agri-food. The agri-
food domain is a very particular and well-established sec-
tor with its knowledge base and dynamics, which requires 

guidelines, an ethical committee, or an ethical advisory board.
74  Stage 2: One stakeholder stated that behavioural sciences (psy-
chologists) should be incorporated to better understand human-tech 
interactions.
75  Stages 1, 2, and 3: Several stakeholders emphasised the importance 
of interdisciplinary collaboration, which policymakers should encour-
age and develop.
76  Stage 1: The survey mentioned establishing independent advisory 
boards/committees twice.
77  Stages 2 and 3: Science policy was discussed during the workshop 
and in the feedback on the scenario. Many scientific advancements 
still need to be implemented at scale. To bridge this gap, policymakers 
should ensure a greater connection between the tech sector, agri-food, 
and academia.
78  Stage 1: Two stakeholders mentioned that policymakers should be 
realistic and identify how to implement science into practice.
79  Stage 1: Two stakeholders stated the importance of ensuring the 
inclusion of diverse stakeholders and interdisciplinarity in AI research.
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(i.e., 5–7 years), as evidenced by the four events we used to 
validate our results. It was mentioned that while the scenario 
was realistic and insightful, it should be complemented with 
more distant scenarios. This would allow for more robust 
postulation about controversial outcomes or starker future 
visions (e.g., a dark scenario, best-case, worst-case, or sta-
tus quo scenario). Others also mentioned that using thought 
experiments may help complement scenario methodologies.

An additional limitation of the policy scenario methodol-
ogy is how the information is presented to the reader. While 
it is essential not to take the reader out of the scenario, it is 
also vital to cite the source of the content, i.e., through foot-
notes. Unfortunately, it may be cumbersome for some read-
ers to go back and forth between the footnotes and the text; 
it was felt that footnotes were the most suitable approach, 
as endnotes, appendices, or even in-text references would 
further pull the reader out of the narrative of the scenario.

Lastly, while many efforts were made to include and 
expand the number of stakeholders providing input on the 
scenario, implementing it in practice proved very difficult. 
While some of the most significant stakeholder groups were 
represented, we were unable to include all the stakeholder 
groups we wanted (see footnote 9). For example, it was not 
possible to include the most affected stakeholder in this 
technology, namely farmed animals, due to obvious com-
munication barriers and logistical constraints (however, 
perhaps, someday with the help of AI, it may be possible 
to include animals in scenario construction, cf (Ryan and 
Bossert 2024). Despite this, several animal welfare groups 
were included to try to give animals a voice in the scenario 
construction.

Despite these limitations, this scenario offers a glimpse 
into the future of AI development and use in the animal farm-
ing sector in Europe, along with the probable drivers, barri-
ers, and impacts that may result. Overall, it brings together a 
vast body of literature on the topic alongside several rounds 
of stakeholder engagement with individuals working in the 
field from government, academia, industry, and civil soci-
ety. This scenario offers researchers a way to collectively 
evaluate the major trends, challenges, and opportunities in 
the development and use of AI in animal farming, while pro-
viding policymakers with insights and steps to be taken in 
the coming years.

collaborations. While the scenario focused on Europe, 
animal farming food systems are interconnected, so col-
laboration and interaction between regional policymakers 
are needed to achieve these objectives. Furthermore, these 
recommendations need to be initiated in collaboration with 
many other stakeholders to be effective. For example, devel-
oping AI ethics guidelines for animal farming is pointless if 
farmers, agribusinesses, slaughterhouses, and veterinarians 
do not integrate them into their practices. Overall, this paper 
provides a first step toward a set of recommendations for the 
ethical deployment of AI in animal farming. However, fur-
ther research is needed to build on these recommendations 
and develop them into tangible, implementable steps for the 
responsible development and use of AI in the sector.

Limitations and future research

A limitation of the policy scenario methodology is the 
dependence on stakeholders for the content of the scenario. 
While stakeholder engagement for scenario construction is 
essential, the narrative’s relative neutrality poses challenges 
when stakeholders overlook essential topics or events that 
could shift its direction. For example, the stakeholders did 
not mention the political shifts and turbulence in the EU, 
with many countries veering towards more right-wing poli-
cies. Nor did the stakeholders pay any attention to the envi-
ronmental impact that developing and using AI would have 
(e.g., high water and electricity use in data centres), thereby 
contradicting the environmentally focused goals of using AI 
in the first place. These points were mentioned during the 
validation events, where the scenario was presented.

In addition, the study’s geographical focus on Europe 
may limit its scope. While we earlier acknowledged the 
interconnectedness of the food system, the global scale of 
many AI actors, and the difficulty of separating geographical 
locations in a globalised system, it was essential to base the 
scenario on the knowledge, experience, and backgrounds of 
the stakeholders providing input on the scenario – namely, a 
European context. However, perhaps future research could 
develop several regional cases or conduct more geographi-
cally distributed scenarios to provide more geographically 
balanced scenarios.

A second limitation and a call for future research is the 
relatively short time frame of events in the policy scenario 
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Appendix C: List of statements for part four of the 
workshop

Stakeholder Statement A Statement B
Farmer The use of AI in ani-

mal farming will pro-
vide greater economic 
benefits, easier jobs, 
better farm manage-
ment, better care for 
their animals, and 
more ethical farming 
for farmers.

The use of AI in animal 
farming will result in less 
control of their farms 
because of technological 
lock-in with food manufac-
turers or tech companies; 
the role of the farmer will 
become a labourer on their 
farm, causing job loss and 
more cumbersome regula-
tions to follow.

Farming 
Sector

AI will make the 
farming sector more 
efficient and bet-
ter. It will improve, 
become cheaper, and 
provide more benefits 
in the future. Using 
AI in animal farm-
ing reduces risks, and 
potential harms will be 
negligible.

AI will pose many chal-
lenges to the farming sector 
in the future. Legislation 
will be slow and follow 
technological develop-
ments, constantly playing 
catch-up. This will also lead 
to a dependency on wealthy 
companies, creating power 
imbalances in the sector.

Farm 
Animals

The use of AI in ani-
mal farming will dra-
matically increase the 
health and welfare of 
farm animals, reduce 
suffering, effectively 
respond to disease, and 
allow farmers to pro-
vide proper individual 
care of the animal.

The use of AI in animal 
farming will be used as a 
kind of ethics/greenwashing 
but will not truly alleviate 
the suffering and pain of 
farm animals. The animal 
farm industry will use AI to 
try to condone their prac-
tices and for the continua-
tion of the industry and will 
only allow AI to perpetuate 
their narrative (e.g., no ani-
mal communication AI).
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Appendices

Appendix A: Questions asked in the survey

Questions
1. Which quadruple helix domain do you work in?
2. What is the primary focus of your work?
3. How do you think the use of AI in animal farming will develop in 
the next 5–7 years (e.g., what will be the focus? What new applica-
tions or uses will emerge? Possible breakthroughs or discoveries)?
4. What will be some of the most significant drivers for using AI in 
animal farming in the coming 5–7 years? (e.g., economic incen-
tives, scientific research, competition, consumer demand, and 
government).
5. What will be some of the most significant barriers/inhibitors of 
using AI in animal farming in the coming 5–7 years? And why? 
(e.g., technological limitations, legislation, lack of incentive for 
adoption, high costs, political activism, etc.).
6. What will be some of the most significant impacts (positive or 
negative) of AI use in animal farming in the coming 5–7 years? 
Please describe some impacts in any of the following areas: ethical, 
legal, social, or economic impacts.
7. What recommendations would you give to policymakers and 
other stakeholders on how to mitigate the negative and accentu-
ate the positive impacts of AI in animal farming in the coming 
5–7 years?

Appendix B: Drivers and barriers from the survey

Drivers Barriers
Economic and efficiency incentives Lack of added 

value/incentives
AI applications (like checks/audits) becoming 
mandatory

High entry costs

NGO/civil society pressure Technological readi-
ness/scientific merit

Governmental support/political 
decision-making

Lack of legislation

Scientific advancements Mistrust in AI
Public opinion/consumer demand Skills of end-user/

lack of upskilling
Improved animal health and welfare Lack of enforceabil-

ity to adopt
Shortage of human labour Data Ownership

Lack of governmen-
tal support
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