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I.	 Introduction to AI in Agriculture

Artificial intelligence (AI) is the most discussed technolo-
gy of the current age and is rapidly being integrated into 
people’s lives, reshaping industries and enabling previously 
unimagined innovation across the globe (Wolfert et al., 2017).  
AI has the potential to revolutionize agriculture by enabling 
advancements in precision farming, autonomous machines, 
and decision-support tools (Banhazi et al., 2012; Bissadu et 
al., 2024; and Tedeschi et al., 2021; Vinuesa et al., 2020).  

AI refers to the simulation of human intelligence by com-
puting machines, enabling them to perform tasks like 
problem-solving, decision-making, and learning (NASA, 
2024).  Machine learning (ML) is a subset of AI focused on 
algorithms and statistical models that improve the per-
formance of computers on specific tasks (i.e., learn them) 
through experience and data.  Deep learning (DL) is a subset 
of ML involving highly complex, multi-layer (i.e., deep) 
algorithms that usually operate on very large datasets for 
highly specific analysis and prediction. While AI and ML have 
been around for several decades, DL is a more recent phe-
nomenon that emerged over roughly the last 20 years with 
the rapid development of semiconductors—specifically, 
graphical processing units (GPUs)—which has enabled fast, 
complex computations with massive amounts of data.  An 
agricultural example of these technologies is the use of DL 
to analyze thousands of digital pictures of weeds to enable 
rapid detection, identification, and real-time spot spraying 
of individual weeds (Hu et al., 2022).

AI is rapidly getting faster, more accurate, and much further 
integrated into essentially all electronic systems with every 
passing year.  Some recent advances in AI are given in Table 
1 (Gao et al., 2024; Li et al., 2024; and Maslej et al., 2024), 
and we will use the acronyms defined there throughout this 
paper.  As AI has been undergoing rapid expansion, agri-
culture has lagged behind other industries in its adoption 
(Abbasi et al., 2022) due in large part to unique challenges 
faced by farmers and the agricultural sector at large.  For 
example, the U.S. agriculture and manufacturing industries 
are of similar size, but the market value of AI is roughly five 
times larger in manufacturing (Federal Reserve Bank of St. 
Louis, 2024; Precedence Research, 2024; and Research 
and Markets, 2024).  Farmers have multiple concerns about 
adopting new technologies as has been seen with their 
cautiousness toward precision-agriculture technologies 
(Schimmelpfennig, 2016; and Nowak et al., 2021).  Farmers 
look for clear opportunities for return on investment and 
worry about (e.g.) how a technology might change various 
aspects of their farm operation or jeopardize the privacy of 

their data.  It must be considered, however, that AI differs 
from traditional technological tools; it is not generally bound 
in a physical device to purchase but is a capability integrat-
ed into existing information systems, equipment, and even 
the development of the genetics of seeds.  In fact, many 
farmers are likely unaware that AI is used in many products 
they currently buy.

American farmers produce a great deal of the world’s food.  
As global population continues to grow—the expected 
peak is currently 10.4 billion around the year 2085 (United 
Nations, 2025)—AI will be essential to addressing the global 
food security challenge, which involves producing more 
food with less labor on less land under unpredictable weath-
er, etc.  In this paper we explore several major aspects of the 
intersection of AI and agriculture at this critical point in his-
tory, including how agriculture differs from other industries 
in this regard. The discussion focuses on key opportunities 
and challenges associated with AI in agriculture, with the 
aim of informing policymakers, regulators, practitioners, and 
the public.

Table 1. Some recent advances in AI. 

AI Advance Description

Generative AI 
(GAI)

Can generate complex content such as text and 
pictures based on its consideration of a vast 
amount of data.

Large language 
models (LLMs)

A subset of GAI, usually based on the transformer 
architecture (see below), focusing primarily on 
generating human-language text.

Discriminative AI 
(DAI)

Models that classify data by learning boundaries 
between categories instead of generating new 
data. Different from GAI and excellent at image 
classification, etc. Includes most traditional ML and 
DL models.

Foundation 
models (FMs)

ML models (usually GAI) trained on a large 
amount of general data that can be used to create 
specialized AI applications like weather prediction.

Multimodal AI Models (usually GAI) flexible enough to handle data 
in the forms of text, images, audio, and other data 
modalities.

Transformer 
neural-network 
architecture

Uses a so-called “attention mechanism” in its 
calculations, allowing the AI to focus on the most 
important data variables so it can efficiently provide 
accurate results, such as in prediction of crop yield.

Transfer learning 
(TL)

An ML technique in which a model trained on one 
task is reused as a starting point to learn a related 
but different task, transferring the knowledge 
gained from one domain to improve performance in 
another

Retrieval 
augmented 
generation (RAG)

An AI framework combining information retrieval 
with LLMs to help them produce relevant and 
accurate responses.

Digital twins Virtual representations of physical things (e.g., a 
farm field) that use real-time data from sensors and 
AI to simulate physical behavior for prediction, etc.
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II.	 AI Use and Development in Agriculture

General (or “strong”) AI refers to a computing machine 
with the capability to perform new intellectual tasks across 
multiple knowledge domains (e.g., history and mathemat-
ics) using previous learnings in different contexts without 
human involvement in model training. Narrow (or “weak”) 
AI, on the other hand, is designed to tackle better defined, 
more localized problems, and it requires human involvement 
in model training. Technically speaking, the AI we have today 
all falls under the narrow AI category, although GAI has 
vastly expanded the capabilities of the AI we have available 
(Neethirajan and Kemp, 2021). 

A.	 Generative AI in agriculture

GAI refers to a system focused on human-like creation of 
content, such as text and pictures, based on the system’s 
analysis of vast quantities of data.  There are many types of 
GAI models, but ChatGPT, which debuted publicly in 2022, 
is the best-known GAI. It was the culmination of a massive 
corporate research effort that occurred at a time when 
the amount of information available online was increasing 
to unfathomable levels.  Private companies have invest-
ed their resources into developing GAI because they see 
business opportunities, but a lucrative market to develop 
a GAI specifically for agriculture has not yet materialized.  
Furthermore, tools like ChatGPT were developed for gen-
eral purposes for which tremendous amounts of data are 
available, but as only about 1% of U.S. citizens are engaged 
in farming (USDA-NASS, 2022), agricultural knowledge in 
the public domain is generally less than that of other sec-
tors.  AI solutions tailored to agriculture have thus lagged 
until recently.  New approaches like TL and RAG have been 
developed to exploit important components of GAI, such 
as understanding human language, which has been used 
to train agriculturally focused GAI.  To date, two successful 
case studies of GAI for agriculture have been reported: Mic-
rosoft’s effort (Silva et al. 2023; Balaguer et al. 2024) and the 
public sector’s ExtensionBot.

ExtensionBot is a GAI platform designed to enhance the 
work of agricultural extension services by providing farmers 
with science-based, accurate, and context-specific recom-
mendations.  A common question that might be asked to 
ExtensionBot is, how many cows can I support on my land? 
(Pengaard-Wilson and Vitale, 2024).  Unlike general-pur-
pose LLMs like ChatGPT, ExtensionBot is built on a smaller, 
curated dataset of over 360,000 extension publications, 
tailored to reliably address common agricultural queries.  Its 
NLP interface facilitates user-friendly interactions, mimick-
ing conversations between producers and extension agents.  
Research has shown that ExtensionBot delivers more accu-
rate and consistent responses to agricultural questions than 
broader GAI models (Pengaard-Wilson and Vitale, 2024), 
making more focused GAI models for agriculture critical 
tools in an era when precision, context specificity, and reli-
ability are essential for agriculture’s digital transformation.  
GAI platforms commonly struggle with inconsistencies and 
so-called “hallucinations” (i.e., generating false or misleading 

results), but ExtensionBot’s focused design enables it to 
offer recommendations aligned with local conditions and 
practices.  Future developments could expand the capabili-
ties of such GAI models to integrate real-time data from IoT 
devices, drones, and satellites, enabling precise, actionable 
insights for pest management, variable rate applications, 
weather-response strategies, and many other uses.  These 
advancements showcase how GAI can bridge the gap be-
tween the growing magnitude of agricultural knowledge and 
its practical application on farms.

B.	 Other applications of AI in agriculture

In addition to providing contextual answers to questions, AI 
has been used to analyze numerical data to make predic-
tions and provide support for management decisions.  One 
example involves livestock monitoring systems, in which 
AI has been used to analyze continuously collected data in 
real-time and provide farmers with predictive models and 
decision-support that facilitates proactive management (El-
lis et al., 2020).  A promising application is hybrid intelligent 
mechanistic models (HIMMs), which combine traditional 
modeling approaches with ML and integrate real-time data 
on animal behavior (John et al., 2016), health, and environ-
mental conditions (Halachmi et al., 2019; and Tedeschi, 2019, 
2022).  HIMMs and similar AI models can support decisions 
to improve production while minimizing environmental 
impact by improving feed efficiency and nutrient utilization 
and reducing waste and pollution.

In high-value agriculture like wine production, the location 
of production (e.g., Paso Robles, CA) often drives consumer 
preference.  Unfortunately, this has led to fraud (Holmberg, 
2010), with counterfeits making up large percentages of 
premium wines sold in certain markets (Lecat et al., 2017).  
AI approaches to identify counterfeit wines (Popovic et al., 
2021) have been developed, leading to models focused on 
regional microbial biodiversity.  AI has been instrumental in 
uncovering associations between microbial diversity and 
vineyard growing conditions (Coller et al., 2019), even at 
multiple scales including continents, countries, and regions 
within a country (Anand et al., 2024; Gobbi et al., 2022).  
Anand et al. (2024) demonstrated that DL methods can 
identify the variety of grapes and even the rootstock/scion 
combination based solely on vineyard soil microbiota.  This 
approach holds promise for identifying genes that regulate 
host/microbe interactions, making it valuable not only for 
traceability in the wine industry but also for breeding pro-
grams focused on resilient crops (Corbin et al., 2020).

Furthermore, the recent reduction in the cost of genetic 
sequencing has enabled scientists to generate a wealth 
of data, facilitating large-scale “multi-omic” (genomic, 
transcriptomic, epigenomic, microbiomic, etc.) studies to 
identify predictive biomarkers for normal and pathological 
processes (Naylor, 2003) in animals and crops.  The volume 
and dimensionality of the data pose hurdles for traditional 
statistical analysis methods, and computational costs can 
be prohibitive.  On the other hand, AI tools like supervised 
ML, a method in which algorithms learn from data samples 
labeled by humans, have been used successfully to analyze 
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“omic” data, in which models serve as prognostic or diag-
nostic tools (Levenson, 2010).  Supervised ML has proven to 
be accurate at estimating animal developmental processes 
and diseases including biological age (Caulton et al., 2021), 
gestational age (Haftorn et al., 2021), and pregnancy compli-
cations (Ladd-Acosta et al., 2023).  These models, combined 
with affordable and portable next-generation sequencers 
and computational methods like in-silico adaptive sampling 
(Martin et al., 2022), can lead to cost-effective, on-farm 
diagnostic kits, reducing outdated and potentially harmful 
preventive measures like regular use of prophylactic antibi-
otics.  In another example, researchers recently developed 
an FM trained on genetic sequences of over 100,000 spe-
cies (Buntz, 2025).  This AI model can identify patterns in 
genomes and predict mutations that influence disease and 
protein function.   

If crop yields could be predicted early in the season, farmers 
could make better in-season decisions about crop manage-
ment and marketing, and crop breeders could make earlier 
decisions about which plant varieties to select for further 
development.  Shrestha (2024) used a customized AI algo-
rithm to predict cotton yield based on multispectral images 
collected with unmanned aerial vehicles (drones) multiple 
times early in the growing season.  He incorporated feature 
engineering—the process of carefully preparing raw data 
for efficient use in ML models—and then fed the data into 
the customized model.  He then compared the results of the 
customized AI model to the results of two more common AI 
models: Long Short-Term Memory (LSTM) and Transform-
er.  The customized AI model successfully predicted crop 
yield at the end of the season based on early season data, 
but the Transformer model, with its attention mechanism 
architecture, generally outperformed the customized model 
and LSTM, suggesting that relatively standardized AI archi-
tectures like Transformer work well in various agricultural 
applications.

Like yield prediction, field-scale weather forecasting could 
be invaluable to farmers, enabling them to make optimal 
decisions on planting, irrigation, harvesting, marketing, and 
other critical choices.  Recent AI approaches have per-
formed well on specific high-resolution weather-prediction 
tasks, such as identifying drought conditions and predicting 
major precipitation events (Mukkavilli et al., 2023).  These 
approaches included physics-informed FMs based on Trans-
former architecture, pre-trained for language modeling and 
vision, as well as feature engineering and fine-tuning.  These 
FMs often can perform better than their input data and 
physics-based models would suggest.  The models are said 
to be oblivious to underlying constraints, so they can disre-
gard the constraints in an attempt to optimize and can even 
correct underlying model biases.  Such AI methodologies are 
maturing to the point of facilitating the development of digi-
tal twins for global-scale weather modeling and forecasting.

Aside from using AI to generate content (GAI) and ana-
lyze numerical data for predictions and decision-support, 
a common use has involved discriminative AI (DAI) for 

image analysis in applications like insect identification 
(Xu et al., 2023), disease identification (Garg et al., 2024), 
and fruit quality classification (Lu and Lu, 2018).  Many ML 
algorithms (Random Forest, Support Vector Machine, etc.) 
have been used for detection and classification of objects 
and conditions in images, but more recently, DL algorithms 
(Convolutional Neural Networks, Recurrent Neural Net-
works, etc.) have become commonly used.  Furthermore, 
pre-trained DL algorithms (AlexNet, ResNet, YOLO, etc.) 
have been used when data are limited, because they do 
not require large amounts of new data to train the model 
(Konara et al., 2023).  Finally, these DL algorithms are now 
often used by researchers for real-time, in-the-field image 
analysis, in which the desire is to detect and act quick-
ly for agricultural tasks involving autonomous machines.  
Such machines must have human-like perception and 
decision-making skills while moving through or over an ag-
ricultural field for (e.g.) harvesting (Gharakhani et al., 2024), 
object identification (Yadav et al., 2023), and targeted 
weed-spraying (Hu et al., 2022; Taseer and Han, 2024; and 
Yadav et al., 2024), a capability that has been on the market 
since 2021 (Deere & Company, 2022).

The full potential of AI in agriculture remains untapped, but 
successful examples of AI-based technologies are on the 
market or approaching that status (Table 2). Advances in 
AI algorithms, along with the collection of larger and better 
datasets and improvements in data integration, are paving 
the way for additional practical uses of AI in agriculture. As 
AI-based technologies and datasets evolve, they will play 
an important role in addressing some of the most pressing 
challenges in food, feed, and fuel production.

Table 2. A few examples of successful AI use in agriculture. Each example 
is either publicly available or approaching that status.

Application AI Method System and Function

ExtensionBot 
(Oklahoma 
State University)

Generative AI 
(GAI)

Currently available natural 
language-based system 
that provides accurate and 
consistent responses to 
agricultural questions; supports 
extension agents in answering 
farmers’ questions.

FRAIL-Bot for 
Strawberry 
Harvesting 
(University of 
California-Davis)

Various AI 
methods

Research prototype 
cooperative robot for 
assisting human strawberry 
pickers; predicts when the 
picker will finish filling a tray 
and transports the tray to a 
collection station.

See and Spray 
Technology 
(John Deere)

Discriminative 
AI (DAI)

Publicly available tractor-based 
system for highly precise 
image-based detection, 
identification, and spot-
spraying of individual weeds 
across a wide spray tractor 
at high operational speeds; 
enables major reductions in 
herbicide applications.
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III.  Challenges to Developing AI for 
Agriculture and Efforts to Mitigate Them

AI requires large volumes of data to generate insights.  A 
key aspect of making agricultural data available for AI is to 
ensure that all data is generated and stored according to 
FAIR (findable, accessible, interoperable, and reusable) data 
standards.  However, White et al. (2021) described numer-
ous obstacles to applying “big data” in agriculture (Table 
3).  Several of those obstacles are considered below in the 
discussion of challenges to developing AI for agriculture.  
Some of the challenges are rather unique to the agricultural 
industry, and some are technical issues, while others are 
socioeconomic and/or ethical.  Addressing these challenges 
will be critical to unlocking the full potential of AI in agricul-
ture and ensuring its widespread and responsible adoption.

Table 3. Obstacles to applying “big data” in agriculture (White et al., 2021).

A. Challenges unique to agriculture 

Data incompatibility. Many industries outside of agriculture 
have made major strides in data interoperability, leading to 
rapid adoption of AI. However, practices on farms and in 
the agricultural supply chain vary widely, so agricultural data 
are commonly fragmented, distributed, heterogeneous, and 
incompatible, making it challenging to structure data such 
that it can be readily analyzed with AI. Efforts to standardize 
data formats and improve interoperability for AI systems 
are essential, but this requires coordination among various 
stakeholders and alignment across the agricultural industry. 
AgGateway, a non-profit organization focused on data stan-
dards to enable the agricultural industry to rapidly access 
information, is an example of a major effort in this regard. 
AgGateway’s work involves on-farm and supply-chain data 
that can support decision making in farm operations, inven-
tory management, and product traceability. As an example 
of their success, two agricultural service providers recently 
worked with AgGateway to streamline their data work-
flow in transactions like fertilizer sales, essentially enabling 
communication between the companies’ farm manage-
ment information systems (FMIS). The companies needed 
a common format and used AgGateway’s Agricultural Data 
Application Programming Toolkit (ADAPT) to enable their 
systems to communicate. The result of the collaboration re-
duced order processing time and ensured that correct farm 

fields are selected and accurate fertilizer rates are applied 
(AgGateway, 2019). This type of standardization is essential 
to the advancement of AI in agriculture.

Lack of AI model applicability. Not only do agricultural 
practices vary, but crops, soil types, topography, weather, 
etc. also vary widely across regions and even from farm to 
farm.  This variation makes it difficult for current AI models 
trained on data from one or a few specific locations to per-
form well in other locations (Shrestha, 2024).  In general, it is 
important to ensure that AI models are adaptable to the di-
verse conditions found across regions. The development of 
large comprehensive datasets is key for broadly applicable 
AI models, and efforts are beginning to make these types of 
data available.  For example, PlantVillage has made tens of 
thousands of carefully curated images of crop-plant leaves 
publicly available through its online platform.  Remote users 
have used images from PlantVillage (and other large data-
sets) to develop AI solutions for various problems, such as 
broad identification of plant diseases (Isinkaye et al., 2025).

Lack of connectivity. Farmers in remote and lower-income 
areas, particularly those with small farms, often lack ac-
cess to the infrastructure required for wireless broadband 
connectivity.  Thus, they cannot access large datasets and 
cloud-based AI applications in many situations.  Both the 
previous Presidential administrations have ordered the 
executive branch to accelerate the deployment and adop-
tion of affordable, reliable, modern high-speed broadband 
connectivity in rural America (Trump, 2018; and USDA, 
2024).  Moreover, the Federal Communications Commission 
(2023) established a Task Force for Reviewing the Connec-
tivity and Technology Needs of Precision Agriculture in the 
United States.  The Task Force operated working groups on 
Mapping and Analyzing Connectivity on Agricultural Lands, 
Examining Current and Future Connectivity Demand for 
Precision Agriculture, Encouraging Adoption of Precision 
Agriculture and Availability of High-Quality Jobs on Con-
nected Farms, and Accelerating Broadband Deployment on 
Unserved Agricultural Lands.  A key focus of these efforts 
has been the ability of farms to collect, analyze, receive, and 
transmit large datasets, as well as to access AI-based tools.  
One of the difficulties is that fiber and cellular infrastructure 
are too expensive to build universally.  Telematics systems 
of major agricultural equipment manufacturers often take 
advantage of cellular service when and where it is available.  
However, the advent of satellite-based wireless broadband 
communications, even though currently more expensive, has 
led the manufacturers to consider taking advantage of those 
satellite services (Deere & Company, 2024) where cellular 
services are unavailable.

Data-privacy concerns. Through technological advances 
in agriculture, farmers are generating more and more data.  
An example of an effort focused on compiling farm data 
from many farms is the Agricultural Data Coalition (Ag Data 
Coalition, 2025), which provides data for the overall food 
production industry and enables farmers to store all their 
data in a secure location, independent of any corporate 
data provider.  The effort provides universities and other 

Obstacles to Applying Big Data in Agriculture

Sensor and recording errors in the data.

Inaccessibility of the data due to poor communications infrastructure.

Unusability of the data because of differences in units, format, metadata, etc.

Incompatibility of the data due to differences in recording systems, collection 
frequencies, etc.

Inconvenience of accessing the data due to lack of automatic data capture, data 
cleaning, etc.

Lack of return on investment (ROI) for data-generation costs.

Unclear “ownership” of the data and associated concerns about data privacy and 
compensation to farmers for use of their data.
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institutions a collaborative platform for agricultural research 
among scientists and farmers.  Nevertheless, farmers may 
have general concerns that their data could be exploited by 
competitors, corporations, insurers, or even government en-
tities.  In many cases, farmers may consent to sharing their 
data with outside parties without fully understanding what 
they have consented to or its long-term implications.  The 
common end user license agreement (EULA) is typically long 
and complicated, and often goes unread.  Efforts are under 
way to clarify and resolve these issues in the agricultural 
industry.  American Farm Bureau Federation published a set 
of Ag Data Core Principles about a decade ago, and the Ag 
Data Transparent (ADT) organization took on updating the 
principles as the agricultural data market changes (Janzen, 
2024).  The current core principles assume that farmers 
own information originating from their operations.  A few 
key additional principles, most of which place the burden of 
data stewardship on technology providers, are paraphrased 
in Table 4.  The challenge of data privacy intensifies with 
the increasing use of IoT (the “Internet of Things”) devices, 
which collect data and are connected to the internet and 
thus potentially accessible by others.  Agricultural examples 
of IoT sensors include soil sensors that continuously collect 
real-time, site-specific data that can (e.g.) enable AI sys-
tems to provide optimal control of agricultural practices like 
automated irrigation.  The continuous data stream can open 
the door to the tracking of farm activities without consent; 
e.g., monitoring systems could inadvertently expose detailed 
patterns of land usage and farming practices.  Issues of 
cybersecurity are a major data-privacy concern of industries 
worldwide, and agriculture is no different.  Activities related 
to cybersecurity are discussed in some detail below.

Table 4. Some key Ag Data Core Principles (paraphrased from Janzen, 
2024).

Resistance to change. Farmers’ resistance to change has 
historically been a hurdle to adoption of new agricultur-
al technologies.  Many farmers have concerns about the 
reliability of or difficulty in using new technologies, or they 
fear the disruption of established farming practices.  Pilot 
projects, demonstration sites, and real-world case studies 
that showcase the practical benefits of various technolo-
gies have proven to alleviate skepticism.  Engaging farmers 
in the development and testing of AI solutions can ensure 

that these tools are practical and culturally appropriate 
(Mallinger and Baeza-Yates, 2023).  An example of engaging 
farmers with such new technologies is the eFields program 
(Douridas et al., 2019), created at Ohio State University in 
2017.  This program has involved building a community of 
extension professionals, researchers, farmers, and other 
agriculture professionals focused on applied research and 
knowledge sharing.  The program has had excellent success 
in improving technology adoption and has demonstrat-
ed the benefits of on-farm research.  Aside from general 
farmer skepticism, people often lack trust in AI because 
of the "black box" nature of many AI models, which make 
predictions or estimations without clear explanations of the 
reasoning that produced them (Tedeschi, 2019 and 2023), 
hindering the adoption of AI solutions.  Efforts toward 
designing trustworthy AI (TAI) systems—those that are 
explainable, fair, interpretable, robust, transparent, safe, 
and secure—are expanding and will facilitate AI adoption 
(Mallinger and Baeza-Yates, 2023).  Furthermore, explainable 
AI (XAI)—a trend in AI system development—in particular 
helps users understand which variables and interactions are 
important for prediction and how they relate to response 
variables (Ryo, 2022).

Lack of an AI-skilled workforce. A major concern about the 
adoption of AI in agriculture is that farmers and agricultural 
workers may lack the technical proficiency needed to utilize 
AI tools effectively.  Thus, workforce training is a crucial 
barrier to AI implementation (Morota et al., 2018).  The FCC’s 
Precision Agriculture Task Force recently recognized the 
importance of this fact, stating, “The greater incorporation 
of technology in agricultural production, whether to sup-
port traceability or more efficient production and farming, 
will demand a skilled workforce that masters both farming 
and technology.  Dedicated investments for agriculture 
tech workforce development will require focused atten-
tion to technology, culture, and infrastructure in ag-based 
communities.  These investments, however, will support 
the ongoing revitalization of rural communities by growing 
high-quality talent that can drive economic growth in the ar-
eas of the country that are often among those in most need. 
These strategies will keep the next generation farming and 
ensure an ag tech future that is attractive, profitable, and a 
beneficial career path” (Federal Communications Commis-
sion, 2023).

High adoption costs. Industries like healthcare and manu-
facturing often benefit from economies of scale and more 
robust infrastructure, but rural agricultural areas have less 
internet connectivity, computing power, and advanced 
technologies in general, so a significant barrier to AI adop-
tion in agriculture is the high cost of implementing the 
needed technologies.  The initial investment required for 
AI tools, ranging from broadband wireless communications 
to computing hardware and software to training, can be 
prohibitive, particularly for smaller farmers.  Over the last 
few years large investments have gone into development 
and adoption of agricultural technology, including numer-
ous AI-based technologies (Inácio Patrício and Rieder, 

Providers should strive to draft simple, easy-to-understand contracts.

Providers should define the categories of data they may collect (e.g., agronomic, 
land, financial, machine) and be required to have the explicit consent of the farmer 
to collect it.

Providers shall inform farmers of the purposes of their data collection.

Farmers should be able to retrieve their data for their own use or use in other 
platforms.

Providers should not use farmers’ data for anti-competitive activities like 
commodity-market speculation.

Providers should make clear whether a farmer’s data is to be included in 
anonymized and aggregated datasets.

Providers should protect farmer data with reasonable safeguards against risks such 
as loss, unauthorized access, modification, or disclosure.
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2018; and Talaviya et al., 2020).  These investments have 
included billions of dollars in private venture capital and 
numerous grants from state and federal agencies. Feder-
al funding sources have included the U.S. Department of 
Agriculture (USDA), National Science Foundation (NSF), and 
Small Business Administration (SBA), which have provided 
complementary funds to aid the private investments.  The 
grants have different rationales and mechanisms, such as 
innovation grants that provide funding for agricultural-tech-
nology startups, economic development grants that provide 
support for regional improvements to bring about economic 
impact, and tax credit grants in which farmers receive sub-
sidized purchases or tax credits after investing in new types 
of equipment or farming practices (Duflock, 2023).  

B. Concern about the loss of agricultural knowledge in the 
age of AI 

AI clearly can enhance productivity and also reduce the 
farmer’s role in decision-making by shifting responsibility to 
automated systems.  As AI becomes increasingly integrated 
into agriculture, farmers and farm workers could lose touch 
with traditional skills and knowledge essential for crop and 
animal management.  This concern is heightened when 
one considers the possibility of a disruptive cybersecurity 
event.  According to Sparrow (2021), over-reliance on AI for 
decision-making can diminish a farmer’s ability to interpret 
subtle environmental cues, such as variations in soil texture, 
weather patterns, or pest activity, which are often informed 
by years of experience and intuition.  Continuous use of AI 
for tasks like irrigation, fertilization, and pest management 
may lead to a decline in hands-on skills.  Farmers may forget 
why specific tasks are necessary (e.g., pruning trees in an 
orchard) or how to perform them effectively (e.g., irrigation 
scheduling).  This erosion of knowledge can have long-term 
implications, not only for current farmers but also for the 
transfer of agricultural expertise to future generations.  If 
farmers do not maintain a foundational understanding of 
why certain actions are taken, they may struggle to adapt in 
situations in which AI tools are unavailable or fail.  To address 
this concern, it is essential to strike a balance between lever-
aging AI and preserving traditional agricultural knowledge.  
Examples of current efforts in this regard are the USDA 
grant programs on (a) Enhancing Agricultural Literacy and 
Workforce Training, which offers grants for training K-14 
educators to promote increased knowledge of food and ag-
ricultural science to train the agricultural workforce for the 
future; and (b) Developing Pathways, which offers grants 
for experiential learning for undergraduate students to gain 
skills applicable to the food and agriculture fields (Bam-
pasidou, 2024).  By combining AI insights with traditional 
expertise, the agricultural community can create a resilient 
and adaptable workforce able to navigate the complexities 
of modern agriculture.

C. Cybersecurity 

The integration of AI into agriculture, particularly in AI-based 
autonomous machines, introduces a host of cybersecurity 
vulnerabilities (Giaretta et al., 2022).  As farms begin to use 

autonomous machinery for scouting, harvesting, spraying, 
etc., simple cyber failures may occur, or even worse, cy-
berattacks may target these systems.  Threat actors could 
exploit vulnerabilities in the software or communication 
networks of these machines, causing disruptions and even 
malicious actions in agricultural operations (Jain & Sharma, 
2021).  Cyber-attacks on AI-based systems can lead to 
data breaches, operational disruptions, and financial loss-
es, posing threats to farmers and stakeholders across the 
agricultural value chain.  A critical issue is the potential for 
malicious actors to disable or take control of autonomous 
machinery, e.g., a compromised robotic sprayer might be 
rendered inoperable during a critical time for crop protec-
tion, leaving crops vulnerable to diseases or pests.  Another 
example is a compromised autonomous harvester, which 
could delay timely harvest, leading to financial losses and re-
duced crop quality.  These scenarios threaten the economic 
stability of farms and jeopardize food security on a broader 
scale (Dreo et al., 2021), not to mention considerations of 
harm to human life and property.  The agricultural commu-
nity is beginning to take note of this threat.  For example, 
Iowa State University has a webpage on cybersecurity for 
grain farming (Stevens, 2025), and a systematic literature 
review on agricultural cybersecurity was recently published 
(Campoverde-Molina and Luján-Mora, 2024).  Given the 
interconnectivity between the food and agriculture industry 
and critical infrastructure industries, securing digital agricul-
tural systems is vital for ensuring food security, economic 
stability, and national resilience.  By proactively addressing 
cybersecurity challenges, the agricultural sector can mini-
mize the risk of cyberattacks and safeguard the benefits of 
AI, as well as autonomous machines and systems. 

D. Needs of workers involving AI in agriculture 

AI has the potential to transform the experience of the 
agricultural workforce by improving productivity, enhancing 
working conditions, and reducing the physical strain of labor.  
An example of this is the development of an AI-based robot-
ic cart called FRAIL-bot, which tracks the strawberry picking 
process of workers so it can collect a full tray of strawber-
ries from a worker immediately after the worker is finished 
filling it (Peng et al., 2022).  Workers commonly must carry 
trays a long distance to and from the edge of the field each 
time they fill a tray.  The FRAIL-bots can provide workers 
with up to 25% more picking time, which should lead to 
greater pay and higher yield each season.  The realization 
of such benefits hinges on addressing the unique needs 
and challenges that agricultural workers face in adapting to 
new technologies.  Workforce training, discussed previous-
ly, is a key factor in enabling the successful adoption of AI, 
which commonly requires workers to interact with complex 
interfaces and interpret data; this can be daunting without 
proper training.  Another concern among agricultural work-
ers is that AI and automation may lead to job displacement.  
However, AI should ideally be viewed as a tool to comple-
ment human workers rather than replace them, particularly 
in agriculture, where labor shortages tend to be the driver of 
automation.  By helping to automate repetitive and physical-
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ly demanding (“dull, dirty, dangerous, and difficult”) tasks, AI 
can free up workers to focus on higher-value activities, such 
as problem-solving, decision-making, and strategic planning.  
This shift could improve job satisfaction and lead to a more 
skilled workforce earning a higher standard of living.  Ad-
dressing these concerns and promoting the concept that AI 
enhances, rather than replaces, human labor is essential to 
foster trust and acceptance among workers.  Furthermore, 
Mallinger and Baeza-Yates (2023) highlighted the impor-
tance of the participatory design approach, in which workers 
collaborate with developers and stakeholders to co-create 
AI tools that improve their daily tasks and overall work ex-
perience, empowering the workers and building trust in the 
technology, thus helping to ensure its widespread adoption.

E. Needs of consumers involving AI in agriculture

The integration of AI into agriculture holds promise to 
not only transform farming practices, but also to address 
broader societal needs, including concerns about produc-
tion and supply-chain practices, food safety, and consumer 
health.  Consumers today are more concerned than ever 
before about the quality, safety, and nutritional value of their 
food.  Currently, IoT devices such as sensors in cold storage, 
coupled with AI-based analytics and traceability (Misra et 
al., 2022), can provide consumers with information about 
product origin, production practices, processing practices, 
and transportation.  Blockchain technology is commonly 
used with AI to provide data integrity, minimizing the risk 
of error in supply-chain data and providing transparency 
that builds consumer trust.  AI can safeguard public health 
by detecting food contaminants early, enabling rigorous 
safety standards to be maintained throughout the food 
supply chain (Liu et al., 2023) and reducing response times 
to issues requiring product recalls.  This ability to monitor 
products through the supply chain helps ensure food safety 
and quality (Sahni et al., 2021) and empowers consumers 
to make informed choices at a time when concerns about 
food origin and quality are high priorities (Kudashkina et al., 
2022).  AI also plays a crucial role in improving the nutritional 
value of crops through precision breeding and optimization 
techniques.  By using AI to enhance the nutritional profiles 
of crops, problems like malnutrition and diet-related chronic 
diseases can be minimized.  Furthermore, AI can support the 
increasing focus on food as “precision nutrition,” in which 
personalized diets are tailored to individual health needs.  By 
analyzing agricultural data alongside personal health met-
rics, AI can help design nutrition plans for individuals with 
specific health conditions, such as allergies or vulnerabilities 
to foodborne illnesses (Feeney, 2023).

F. Ethical considerations of AI in agriculture 

In addition to concerns about the cybersecurity of IoT data, 
the aggregation of geospatial data, sometimes gleaned from 
satellite images across multiple farms for large-scale analy-
sis, adds an additional layer of risk.  Such data can be pooled 
to improve predictions (e.g., for crop yield forecasting or 
disease detection) and may potentially be repurposed for 

commercial or regulatory purposes without the consent of 
farmers and potentially against their interests. Corporations 
might, for example, leverage this type of data to influence 
market prices or redistribute resources in ways that may dis-
advantage smaller or less technologically advanced farms.  
Concerns about some aspects of this issue can be assuaged 
by adherence to the aforementioned Ag Data Core Prin-
ciples.  However, in addition to these concerns, data used 
in agricultural AI applications are typically tied to specific 
locations, communities, and environmental conditions and 
can be used in ways that negatively reinforce the differ-
ences between large and small farms or wealthy and poor 
farms if not handled responsibly (Klerkx and Rose, 2020).  
For example, AI models trained on data from large farms in 
high-data, high-income regions may not perform well on 
small farms and in low-data, low-income regions.  USDA-NI-
FA is currently funding exemplary research related to this 
issue (Mississippi State University, 2024), which considers 
the social and economic impacts of autonomous agricultural 
systems on small farms.

G. Research Funding 

Many universities have made strategic investments in hiring 
experts specializing in AI applications for agriculture, leading 
to a surge in innovative research.  For example, the Univer-
sity of Florida recently hired 100 new AI-focused faculty 
members, 15 of whom are focused on AI for agricultural 
applications (Haire, 2022).  These experts bring unique ex-
pertise in areas such as precision farming (Lee et al., 2024), 
crop monitoring, predictive analytics, and autonomous 
systems, significantly advancing this field of study.  How-
ever, this influx of researchers has also highlighted a critical 
challenge: the availability of funding for AI-based agricul-
tural research remains low relative to the demand.  Despite 
the strong potential for AI to revolutionize agriculture, the 
pool of funds for research projects dedicated to this inter-
disciplinary field has not expanded proportionately.  Funding 
agencies and programs often categorize AI in agriculture 
under broader disciplines, such as computer science or 
agricultural sciences, which results in competition among 
researchers from diverse backgrounds. This situation is fur-
ther compounded by the increasing number of institutions 
and researchers entering the field, all competing for the 
same limited funding opportunities.  The limited availability 
of funds can have detrimental effects on the development 
of AI for agriculture.  First, it may slow the pace of innova-
tion as researchers spend time and effort competing for 
grants rather than advancing their projects.  Second, it can 
hinder collaboration, as researchers may focus on compet-
ing for resources rather than sharing knowledge and building 
partnerships.  Lastly, early career researchers may face 
disproportionate challenges in securing funding, limiting the 
breadth of ideas and approaches that can help drive scien-
tific progress.  Over the last few years, NSF and USDA-NIFA 
have collaborated to fund AI centers at various institutions, 
but only a handful of these focus on agriculture.

In 2021, a USDA-administered Hatch Multistate Project on 
this subject was formed, S1090 AI in Agroecosystems: Big 
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Data and Smart Technology-Driven Sustainable Production.  
An outgrowth of this project has been an annual AI in Agri-
culture conference, starting in 2022 and hosted by Auburn 
University.  Subsequent conferences have been hosted by 
University of Florida in 2023 and Texas A&M University in 
2024.  The rollout of this CAST paper occurred at the 4th 
AI in Agriculture conference in 2025, hosted by Mississippi 
State University.

IV.	Major Considerations in Developing AI for 
Agriculture 

A. Promoting Innovation and Competition for  
AI in Agriculture 

AI-based technologies must become a central focus in the 
drive for innovation in agriculture, especially as the industry 
faces increasing challenges related to food security, food 
safety, weather-event resilience, and environmental risk 
(Sachithra and Subhashini, 2023). Fostering AI innovation in 
agriculture requires three things: breaking down structur-
al barriers in agriculture that limit AI’s potential and broad 
adoption, collaboration across disciplines and industry sec-
tors, and building a competitive landscape.

Agricultural-industry barriers to innovation in and adoption 
of AI-based technologies include limited access to tech-
nology and limited digital literacy among farmers and farm 
workers. Most farms are rural, and rural areas tend to lack 
access to data communications infrastructure. Further-
more, small-scale farms commonly lack access to advanced 
technologies (e.g., precision agriculture) and may not have 
access to training programs that larger-scale farms take 
advantage of. As mentioned previously, multiple presidential 
administrations have been working through various agen-
cies to build out fiber and wireless infrastructure across the 
country, but the vastness of the country and low population 
in rural areas makes this difficult. Meanwhile, low-earth-or-
bit satellite communications have come online, and these, 
while typically more expensive than cellular, can fill the gaps 
in achieving broadband communications at the last acre. 
Furthermore, extension efforts are beginning to take shape 
(Pengaard-Wilson and Vitale, 2024) that will enable farmers 
to learn how to leverage AI-tools for better decision-making 
in areas like crop management, pest control, and resource 
optimization. 

AI innovation and integration into agricultural applications 
requires collaboration across disciplines and industries 
(Jung et al., 2021; Subeesh and Mehta, 2021; and Strong et 
al., 2023).  Academic institutions train the future workforce 
in numerous disciplines, including agriculture, engineering, 
computer science, etc.  These disciplines conduct collab-
orative research on AI applications specific to agriculture, 
including developing models and producing evidence-based 
recommendations.  Corporations, on the other hand, bring 
business acumen, technological expertise, and the ability to 
scale solutions.  Government can support innovation, pro-
vide funding, and ensure access to AI-based technologies.  
When the various disciplines and sectors work together, 

they can create an ecosystem that fosters AI-based innova-
tion (Bitko, 2024) while ensuring that solutions are scalable, 
sustainable, and widely accessible.  When these things hap-
pen, farmers and society benefit.

A competitive landscape is another driving force in AI 
innovation, encouraging commercial participants to push 
the boundaries of what is possible.  Creating healthy com-
petition requires an environment where various players, 
from large corporations to small tech startups, can inno-
vate freely.  For the smaller innovators, access to capital, 
intellectual property protections, and market access can 
improve their ability to compete, facilitating the introduc-
tion of unconventional approaches.  A promising avenue to 
foster competition is open-source platforms that allow for 
exchange of ideas, technologies, and data (Crüwell et al., 
2019; Muñoz-Tamayo et al., 2022; and Janssen et al., 2017).  
An interesting example comes from the Meta corporation, 
whose decision makers made their internally developed 
LLM open-source in 2023.  In early 2025, a small Chinese 
company called DeepSeek announced it had used open-
source code to build a powerful AI system at much lower 
cost than rival systems (Metz and Isaac, 2025).  Many be-
lieve that open-source technologies enable small innovators 
to compete with larger firms by facilitating collaboration 
between them and allowing the small innovators to devel-
op AI-based solutions while benefiting from the resources 
and expertise of larger players.  Open-source platforms can 
also promote transparency and inclusiveness, ensuring that 
innovations are accessible to a wide range of users, from 
tech-savvy farmers to those just beginning to explore AI.  
Furthermore, public and private funding initiatives can help 
accelerate the pace of innovation.  Government grants, in-
dustry-backed research initiatives, and innovation contests 
can provide incentives for companies and research teams 
to develop AI applications that address pressing challenges 
facing agriculture.

B. Advancing American leadership in AI for agriculture 

While the U.S. is uniquely positioned to lead globally in 
applying AI to agricultural challenges, two impressive major 
international AI efforts, the DeepSeek and Manus GAI plat-
forms (Baptista, 2025), have been reported in the last few 
weeks before the publication of this paper, emphasizing the 
need for U.S. vigilance to maintain its leadership role.  With 
its tremendous agricultural productivity, robust research 
infrastructure, rich history of agricultural innovation, and 
unparalleled access to world-class technological resourc-
es, the U.S. can set the benchmark for highly productive, 
efficient, and resilient food systems facilitated by AI (White 
et al., 2018).  In addition to the rapid buildout of AI infra-
structure—data centers, along with adequate energy to 
meet the demand—multidisciplinary collaboration, men-
tioned previously, is at the core of advancing U.S. leadership.  
Technological innovation in AI for agriculture is crucial, 
but transitioning from theoretical models to real-world 
applications requires the collective expertise of numerous 
disciplines including agronomy, engineering, computer 
science, etc.
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The U.S. has a strong foundation for this collaborative 
effort, with numerous academic institutions conducting 
multidisciplinary research at the forefront of AI for agri-
culture.  For example, the University of Florida’s (UF) AI 
partnership with NVIDIA has provided the avenue and 
incentive for agricultural researchers to focus on AI to 
address pressing global challenges, including food insecu-
rity, weather resilience, and profitable farming.  Through 
this partnership, UF has created a powerful AI data center 
that allows researchers from many disciplines to leverage 
state-of-the-art computational resources for AI-based 
agricultural research.   

C. Opportunities for Standards for AI in agriculture 

In addition to the agricultural data standards being devel-
oped by organizations like AgGateway, standards specific to 
AI and its use in agriculture are important.  Many types of AI 
applications for agriculture are being developed in parallel 
by numerous companies, academic institutions, and govern-
ment organizations, which are racing to create innovative 
solutions in a highly dynamic environment.  These entities 
are often expert in specific aspects of AI, such as model 
engineering or application development, yet many lack com-
prehensive expertise in integrating AI safely and effectively 
into large-scale agricultural systems.  This is particularly 
evident when AI is incorporated into existing systems, such 
as farm management software. Teams with strong software 
development skills may not fully grasp how to address issues 
like bias, trustworthiness, and data quality in agricultural 
systems that need to meet industry standards for reliability 
and security.

To ensure AI systems in agriculture are safe, efficient, 
and reliable, the establishment of clear standards is criti-
cal.  Standards are documents that define best practices, 
protocols, and frameworks for developing products and 
processes across companies and industries.  In the context 
of AI for agriculture, standards can help guide the develop-
ment of robust, trustworthy systems that can be integrated 
seamlessly into farm operations.  These standards are typi-
cally developed by international bodies like the International 
Organization for Standardization (ISO), International Elec-
trotechnical Commission (IEC), and Institute of Electrical 
and Electronics Engineers (IEEE), as well as national organi-
zations such as the American National Standards Institute 
(ANSI) and the American Society of Agricultural and Biologi-
cal Engineers (ASABE). 

Although the implementation of standards is generally vol-
untary, unless mandated by legislation, adherence to them 
can provide significant benefits to developers and end-us-
ers. For developers, following established standards can 
ensure that AI systems are not only efficient and effective 
but also safe, secure, and ethical in their applications, and it 
can help ensure their products are marketable. For end-us-
ers, such as farmers and agribusinesses, standards offer a 
reliable way to assess the quality and trustworthiness of 
AI-based tools, enabling informed decision-making when 
adopting new technologies. Furthermore, certification pro-

cesses (e.g., the work of the Agricultural Industry Electronics 
Foundation, or AEF) that verify AI products' compliance with 
industry standards offer an additional layer of transparency 
and accountability.

As AI adoption in agriculture continues to grow, a rising 
number of international standardization initiatives are 
emerging to support these efforts.  These initiatives aim to 
address key challenges, such as system interoperability (e.g., 
the ability of a particular brand of tractor to communicate 
with another brand of hay baler), algorithmic transparen-
cy, and data privacy, which are essential for ensuring that 
AI systems operate safely and ethically within agricultural 
contexts.  By developing and adhering to these standards, 
stakeholders can foster greater trust in AI, promote its 
responsible use, and ensure that it contributes to resilient 
agriculture and food systems.  A growing number of inter-
national standards and standardization initiatives can both 
enable many opportunities in and address the challenges of 
AI in agriculture. A couple of examples are as follows:

•	 ISO/IEC TR 5469:2024. Artificial intelligence — Func-
tional safety and AI systems

•	 7010-2020 - IEEE Recommended Practice for Assessing 
the Impact of Autonomous and Intelligent Systems on 
Human Well-Being

V.	 Summary and Recommendations 

AI has tremendous potential to benefit agriculture in terms 
of improved efficiency, precision, productivity, lifestyle im-
provement, etc.  Efforts in and examples of GAI, as well as 
numerous other forms of AI for agriculture, are proliferating.  
On the other hand, several barriers exist to realizing the full 
potential of AI in agriculture (Table 5A).  While the develop-
ment of AI-based technologies for agriculture grows, albeit 
slowed by these barriers, concerns exist around societal 
implications of how AI will be used in agriculture (Table 
5B).  On the other hand, opportunities for the growth of AI 
in agriculture and its potential for positive effects on the 
industry are immeasurable.  To take advantage of these 
opportunities, it is essential to promote innovation and 
competition in the industry, advance American leadership in 
AI’s development for agriculture, and promote the devel-
opment of standards that can support the growth of AI in 
agriculture while improving efficiency and reliability in safe 
and ethical ways. Along these lines, we recommend that 
policymakers ponder some specific initiatives, changes, 
and lines of thinking to promote AI in agriculture (Table 6).  
AI has immense potential to enable a next step change in 
agriculture.  Expanding funding, training, etc. can enhance 
the adoption of AI in agriculture, supporting farm opera-
tions of various sizes and other agricultural stakeholders by 
helping them access advanced AI tools and the know-how 
to use them.  Such efforts can position the United States as 
a global leader in agricultural AI, driving economic growth, 
ensuring food security, and promoting environmentally 
sound practices.
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Table 5. A. Barriers to AI in agriculture. B. Concerns about societal implica-
tions of AI in agriculture.

 
 

Table 6. Recommendations for policymakers to promote important as-
pects of AI in agriculture.
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Aspect  
Promoting AI 
in Agriculture 

Recommendations

Competitive 
environment

Facilitate a competitive environment by promoting interdisciplinary 
collaboration, cooperation across industry sectors, consideration of 
promoting open-source tools, etc.

Foster a self-regulatory competition approach among funding 
bodies, industry, academics, and farmers (consider the 1975 Asilomar 
conference for biotechnology; Hurlbut, 2025).

Promote alignment of AI development with real-world agronomic 
practice and economic and environmental goals.

Encourage farmers to engage with AI systems and data repositories.

Broad benefit 
of AI in 
agriculture

Ensure benefit for large and small and high- and low-income farms.

Promote decentralized data so as not to expose sensitive information.

Promote diversified datasets so tools represent various geographies.

Promote accessible and affordable AI-based systems for agriculture.

Encourage offline functionality for farmers with poor internet 
connectivity.

Practical and 
transparent 
algorithms

Promote tailoring AI to specific needs of farmers to make it relatable 
and credible.

Facilitate workers’ engagement in designing and implementing tools 
to ensure their perspectives are considered and technologies are 
practical.

Encourage TAI and XAI to encourage stakeholders to trust and 
understand AI-based decisions and recommendations.

Education and 
training

Provide agricultural and technical training, particularly in AI related skills.

Equip extension agents and the agricultural workforce with necessary 
skills to operate AI-based technologies.

Promote decision-making benefits of precision agriculture and AI-
based technologies to farmers and agricultural supply chain members.

Enabling 
funding

Promote AI-in-agriculture research to catalyze discoveries and ensure 
U.S. competitiveness.

Consider additional AI institutes focused on agriculture, as envisioned 
by the National Artificial Intelligence Initiative (NAII).

Promote broadband wireless communications infrastructure to enable 
farmers to participate in AI-based innovations.

Promote public-private partnerships to create a financial ecosystem 
for innovation.  

Ag Data Core 
Principles

Promote simple contracts between data providers and farmers.

Promote broad data protections for farmers.

Cybersecurity Develop a comprehensive strategy to prevent unauthorized access, 
etc. 

Standards Promote standards for AI-based agricultural technologies to facilitate 
interoperability as well as quality and safety assurance.

A. Barriers to AI in agriculture

Incompatibility of agricultural data.

Difficulty in making AI models widely applicable for agriculture.

Lack of broadband connectivity in rural areas and farm fields.

Concerns about lack of privacy in agricultural data.

B. Concerns about societal implications of AI in agriculture

Loss of agricultural knowledge by farmers and workers using AI.

Cybersecurity issues.

Worker and consumer needs and ethical issues.

Lack of adequate research funding.
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