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Abstract

Precision agriculture (PA) has been defined as a “management strategy that gath-
ers, processes and analyzes temporal, spatial and individual data and combines it
with other information to support management decisions according to estimated vari-
ability for improved resource use efficiency, productivity, quality, profitability and
sustainability of agricultural production.” This definition suggests that because PA
should simultaneously increase food production and reduce the environmental foot-
print, the barriers to adoption of PA should be explored. These barriers include (1)
the financial constraints associated with adopting decision support system (DSS); (2)
the hesitancy of farmers to change from their trusted advisor to a computer program
that often behaves as a black box; (3) questions about data ownership and privacy;
and (4) the lack of a trained workforce to provide the necessary training to imple-
ment DSSs on individual farms. This paper also discusses the lessons learned from
successful and unsuccessful efforts to implement DSSs, the importance of commu-
nication with end users during DSS development, and potential career opportunities
that DSSs are creating in PA.

1 | INTRODUCTION

1.1 | What are decision support systems?

Abbreviations: AgMIP, Agriculture Model Intercomparison and
Improvement Project; Al artificial intelligence; DAWN, Dashboard for

Decision support systems (DSSs) are models that use
information and communication technologies for complex

Agricultural Water Use and Nutrient Management; DSS, decision support

system; FICO, Fair Isaac and Company; FRST, Fertilizer Recommendation
Support Tool; ML, machine learning; PA, precision agriculture.

decision-making (Manos et al., 2004). The models embed-
ded in DSSs take data stored in the database to produce a
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user-specific result (Alenljung, 2008; Manos et al., 2004).
These models can be created using many techniques includ-
ing process-based, empirical models, and/or machine learning
(ML)/artificial intelligence (AI) techniques. In agriculture,
process-based models are generally mathematical represen-
tations of biogeochemical and physical systems; empirical
models are statistical models based on observations among
variables; and ML models make predictions based on pat-
terns learned from the data set. A difference between process,
empirical models, and ML/AI models is that ML/AI models
learn as new input data are added, which makes them uniquely
suited for precision agriculture (PA).

However, as with all models, errors exist when the under-
lying understanding of the processes or model assumptions
is incorrect. For example, a very common assumption is that
weeds reduce yields by competing with the crop for water,
nutrients, light, space, and carbon dioxide. However, current
research, made possible by the ability to decipher the crop
genomes, has shown that weeds can reduce yields regardless
of resource availability. This finding is based on the ability
to quantify transcriptomic changes (e.g., downregulation of
photosynthesis, root growth reductions) that are induced by
weed presence, long before direct competition occurs (Clay
et al., 2009; Horvath et al., 2023). Models, based on incorrect
assumptions, may provide acceptable recommendations under
some conditions but flawed recommendations in others.

1.2 | Why are DSSs needed?

Agriculture is facing immense challenges, such as reducing
greenhouse gas emissions and topsoil loss due to ero-
sion, while increasing yields in an unstable climate (United
Nations, 2022). The failure to manage these challenges can
result in societal and environmental upheaval. As examples,
the French revolution (1789—-1799) has been linked to the Lit-
tle Ice Age, when crops failed in cold climates, which led to
starvation and societal instability (Ljungqvist et al., 2021).
The Middle Eastern Arab Spring in 2011 has also been linked
to climate change with low crop yields and increased food
prices, which again led to social upheaval (Zurayk, 2016).
To reduce the risks of future agricultural failures, sustainable
intensification needs to be implemented to optimize produc-
tion and simultaneously decrease agriculture’s environmental
impact (Lindblom et al., 2017). Sustainable intensification
requires enhanced management that can be delivered in part
using DSSs (Lindblom et al., 2017).

1.3 | Low adoption of DSSs

While some components of PA, such as autosteer and yield
monitors, were quickly adopted, to date variable rate fer-
tilizers, another PA tool, have not been widely adopted

(Baumeister et al., 2015; Lindblom et al., 2017; McCown
etal., 2002; Rossi et al., 2013; Winter, 2018). The discrepancy
between the adoption of some PA tools and not others sug-
gests that there are barriers to long-term use of PA tools. Many
barriers have been suggested and may include financial con-
straints, a hesitancy to change from a known trusted decision
processes to an unknown decision system, uncertainty of data
ownership and privacy, and workforce availability (Erickson
et al., 2018; Mitchell et al., 2021; USDA, 2022).

In addition to these barriers, it is important to understand
that fully integrating data collection, processing, and imple-
menting is difficult and requires diverse knowledge, skills,
and abilities. For example, processing remote sensing data
into useful information may require a human pilot to collect
the data, a geographic information specialist to create a map,
an agronomist to confirm yield limiting factor(s), machines
that can perform these tasks, knowledgeable applicators to
apply the treatments at the right time, place, and rate, and
follow-up with economists and agronomists to determine if
savings, yield, or other tangible outcomes have occurred. It is
important to point out that currently each step requires time,
and that skipping steps that often require human involvement
can reduce the value of the information (Priya & Ramesh,
2020).

1.4 | Barriers to adoption of DSSs

1.4.1 | Financial constraints

Agricultural retailers have been surveyed about producer atti-
tudes at least every other year since the mid-1990s (Erickson
& Lowenberg-Deboer, 2022). These surveys provide insights
into the adoption barriers. In 2021, about 37% of the deal-
ers reported that economic limitations were one of the most
important barriers. However, this barrier fluctuates with crop
prices and is reduced when prices are high and increased
when prices are low. For greater use of these technologies,
uncertainties must be balanced with an increased return on
investment (Baldin et al., 2021; Rinaldi et al., 2014).

1.4.2 | Financial constraints of small farms

Farm size also influences the amount of capital that can be
invested in DSSs and PA tools that can be used by DSSs
(Akaka et al., 2021; Baldin et al., 2021). In general, large
farms have more capital and manpower to test and implement
new practices (Akaka et al., 2021). A good example of this
barrier was discussed by Ashworth et al. (2018), where partial
budgeting determined that the break-even farm size for auto-
guidance was between 10 and 50 ha. The implication of this
analysis is that the cost of the equipment per hectare decreases
with increasing farm size. For example, if the equipment costs
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$100,000 and the farm size is 100 ha, then the cost/ha is
$1000. However, if the farm size is 1000 ha, then the cost/ha is
$100. This difference in cost/ha may result in lower adoption
rates of PA on small farms (Denmark Statistics, 2022; Thomp-
son et al., 2021). The difference in price/ha between small and
large farms results in small farms taking longer to return a
profit than large farms. Another barrier is that DSS recom-
mendations do not provide protection from uncertainty (Ara
et al., 2021). Uncertainty results from any given treatment
having a chance that it may or may not be effective.

Solving cost differences between small and large farms
(financial equity) is a complex problem, but solutions have
been proposed to overcome this adoption barrier. One poten-
tial solution is for DSS designers and manufacturers to provide
free or inexpensive trial periods or monthly subscriptions to
DSS services. A free trial period would allow a farmer to see
if the DSS fits their operation and provides useful actionable
recommendations (Akaka et al., 2021). Small farms could
work together to spread technology costs over many produc-
ers. In addition, university extension services could provide
training that reduces the investment costs or federal agencies
and/or industry could provide financial incentives to use DSSs
(McFadden et al., 2023).

1.4.3 | Farmers hesitancy to change the
decision process

On many farms, agricultural decisions result from one-on-one
discussions between the producer and their trusted advisor.
Many producers do not feel comfortable replacing the trusted
advisor with a DSS (Gardezi et al., 2022). This discomfort
or lack of trust may be attributed to poor communication
between the users and DSS developers, who may or may not
have agriculture experience. This often manifests as recom-
mendations that are acceptable to a developer but not consid-
ered acceptable or actionable by the end user. For example,
if the recommendation is to apply water, but the field is not,
or cannot be, irrigated, the recommendation is useless. The
difference between a recommendation and what is possible is
called the paradox of acceptability (Hochman et al., 1994).

Trust can also be lost due to miscommunication between
the development team and the end user. One form of mis-
communication is the selection of a DSS tool that assists
in short-term planning (tactical) when a tool for long-term
(strategic) planning is required (Araet al.,2021). A DSS could
combine strategic and tactical systems, which would provide
the initial short-term decision and aid in long-term strategic
planning (Ara et al., 2021).

To improve trust in DSSs, producers and their advisors
should carefully consider the benefits and deficiencies of the
various options before purchase. Similarly, the marketing of
a DSS as tactical, strategic, or both needs to be made clear to

the end user. The failure to select an appropriate system can
result in a general distrust of PA (Ara et al., 2021; Lindblom
etal.,2017; Rossi etal., 2013). A milestone is reached when a
farmer decides to trust a DSS recommendation because each
decision has economic implications that can be devastating.
For example, a farmer may not have the income to make
land payments, purchase farm inputs for the next cropping
season, and/or cover their personal expenses. These financial
concerns, especially when combined with distrust, can result
in farmers deciding to keep a trusted decision process that
has worked reasonably well in the past (McCown et al.,
2002). However, trust in DSSs can be cultivated by providing
demonstrations, training, and clear examples on how to
successfully integrate the technology into their operations
(Akaka et al., 2021).

144 |
privacy

Questions about data ownership and

Many producers and lawmakers are concerned about data
ownership and privacy of farm data (Erickson & Lowenberg-
DeBoer, 2022). Examples of on-farm data include current and
historical yield, seeding rates, applied soil nutrient rates, and
remote sensing (Ellixson, 2022). When these data are com-
bined with public information through models connected to
“the cloud” or the internet, the models may produce sensi-
tive information. Unlike a bushel of corn that is tangible, data
are intangible, easily transmitted over long distances, stored in
“the cloud,” and can be subject to security breaches. Addition-
ally, farm data ownership is legally difficult to protect because
it is considered unrivaled, meaning one person’s access does
not prevent another’s, and due to its uncertain excludability
(the right of the owner to deny another’s access) (Goeringer,
2016; Jouanjean, 2020; Kaur et al., 2022).

Farm data ownership is akin to a Fair Isaac and Company
(FICO) credit score. FICO collects data on an individual and
calculates their score. Although FICO does not own the data,
it does own the credit score because it is newly generated
data (Goeringer, 2016). It is currently legally and ethically
ambiguous whether a third-party technology provider has the
right to generate new data from technology owned by indi-
vidual farmers and then sell the “new” data back to them after
it has been combined with data from the same geographical
region (Jouanjean, 2020). This problem is further confounded
by efforts to make programs and data collected by “smart
machinery” freely available as “open source” (Rinaldi et al.,
2014) to other companies, which then take the free data and
profit by selling it back to farmers in DSS technologies.

Laws are often slow to catch up with technology, and
currently laws that protect farmers and their data are lim-
ited (Ellixson, 2022; Goeringer, 2016; Kaur et al., 2022).
Moreover, the term “ownership” itself is only the tip of the
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iceberg. Legally speaking, “ownership” is a relatively weak
protection for farm data and does not necessarily mean the
kind of control that farmers seek. Conditions and rights are
often specified separately in individual contracts; therefore,
there is no such thing as an all-inclusive data ownership law
(Jouanjean, 2020). Determining where to draw the line is
a challenge that law makers and stakeholders must define
together, highlighting many new career opportunities for
those interested in the legal protection of farm data as well as
opportunities to bridge the gap between companies and farm-
ers through legal communication and advocacy of farmer’s
data rights.

1.4.5 | Limited trained workforce

A 2015 survey asked agriculture retailors about their min-
imum education requirements for careers in PA such as
equipment operator, agronomist, equipment technician, tech-
nical support, and PA specialist (Erickson et al., 2018; Fausti
et al., 2021). Results at that time revealed that most of
the PA workforce met or exceeded the education expecta-
tions of employers by completing either a 2-year associate
degree or a 4-year bachelor’s degree. However, employers
indicated difficulty in locating and recruiting qualified appli-
cants. Additionally, necessary skills, such as data-intensive
thinking, the ability to understand statistical standards to pro-
duce means and standard deviations, as well as their ability
to install, calibrate, troubleshoot, and repair PA hardware and
equipment, were lacking (Erickson et al., 2018; Fausti et al.,
2021). Further analysis suggested that there was a mismatch
between the training received and the training required to
proficiently perform the job.

To help PA employees meet the job expectations, profes-
sional societies and higher education institutions must commit
to curricula that will close this gap. For example, the Amer-
ican Society of Agronomy and Ag*IDEA have created PA
certificate programs (Erickson et al., 2018). Those trained in
both the technical and human dimension of DSSs can act as
important communicators between program developers and
the end users (Lundstrom & Lindblom et al., 2018). Addi-
tionally, communicators between education institutions and
industry professionals, such as retail dealerships, can help to
align academic programs for students pursuing PA positions
with the qualifications required by industry professionals.
This will aid in creating employees proficient in the knowl-
edge, skills, and abilities in math and statistical skills required
by the PA industry (Fausti et al., 2021).

1.5 | Lessons learned

While there are a range of barriers slowing DSS adoption, it
is also important to evaluate why some succeed (e.g., Vite.net

and Pigs2Win) and others fail (e.g., FEEDMAN). Vite.net has
been adopted successfully in both small and large European
vineyards since 2013 (Rossi et al., 2013). Vite.net uses real-
time data from sensors placed around a vineyard to produce
recommendations for pest (disease, weed) control, fertiliza-
tion, and irrigation management decisions that have increased
the overall vineyard productivity (Lindblom et al., 2017; Rossi
et al., 2013). For example, in 2016, organic producers who
used Vite.net saved about €195 ($205) per hectare relative to
their usual practices. The savings were attributed to the DSS
making site-specific recommendations about the application
of nonorganic herbicides, pesticides, and fertilizers. Specifi-
cally, growers using Vite.net reduced copper application by
37% when compared to producers who did not use the DSS
(TpOrganics, 2016).

Along with observable savings, Vite.net designers focused
on communication with end users with feedback through-
out development. Vite.net also focused on specific vineyard
problems that were identified by vineyard managers. The
communication between developers and users was deliberate
and allowed the developers to understand how to best con-
vey and make recommendations through the system’s user
interface. This communication/training had value because it
improved end user trust.

Another example of a successful DSS is Pigs2win, which
improves swine production and reduces environmental impact
(smell and nutrient losses) of the operation (Lindblom et al.,
2017; Meensel et al., 2012). These decisions were tradi-
tionally made using key performance indicators such as
productivity costs, labor income, and feed conversion (kg of
feed per kg of live weight). However, the Pigs2Win develop-
ment team worked closely with the farmers and stakeholders
to ensure that results are aligned with the expectations of
the end user. Objectives were defined by the development
team, and farmers and stakeholders identified how an objec-
tive could be met by using a DSS. For example, Pigs2Win
was built using Excel as a framework because it was eas-
ily accessed and understood by end users. Several prototypes
were presented and farmers were encouraged to provide feed-
back and familiarize themselves with the system. A benefit
of this open communication process was that it built trust by
demonstrating transparency (Meensel et al., 2012).

FEEDMAN, a feed to dollars beef management package, in
contrast to Vite.net and Pigs2Win, was an unsuccessful DSS.
FEEDMAN was designed in 1998 to help farmers and farm
managers make strategic and tactical decisions about feeding
options, animal performance, market options, and economic
decisions for livestock (Newman et al., 2000). While the
development team understood the need to make the system
user-friendly, users found it to be easy to use but not use-
ful. Many users indicated that they were reluctant to take
recommendations from DSS that did not provide clear ben-
efits. Users also cited abandoning the program due to a lack
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of maintenance. These issues likely could have been avoided
by communicating with the end users throughout the process
such as in the case of Vite.net and Pigs2Win. Potential users
and stakeholders were brought into the process at the end of
FEEDMAN development, instead of being allowed to shape
the DSS in the process.

Vite.net, Pigs2Win, and FEEDMAN are different DSSs;
however, communication is a common thread linking their
successes and failures. Vite.net and Pigs2Win worked with the
end users throughout the process to ensure that the software
would provide real value, whereas FEEDMAN was marketed
as a complete system that did not provide real value to the
users. Additionally, Pigs2Win took steps to appeal to smaller
farms by ensuring that the users did not need to purchase addi-
tional software, building part of the system in Excel to reduce
the financial burden. While this represents only a few of the
many examples of successful and not successful DSSs, it is
important to learn from what has and has not worked.

1.6 | The future of DSSs and the importance
of improved communication

Decision tools are being developed to provide more accurate
recommendations to farmers. Future DSSs that are empow-
ered by ML algorithms will have the capacity to collect and
process enormous amounts of site-specific information (Priya
& Ramesh, 2020). However, because research scientists tend
to work very narrowly and silo themselves, our ability to
address “big questions” may take a long time. Dr. Cynthia
Rosenzweig, the 2022 World Food Prize winner, addressed
the scope of these problems and stated, “Climate change is so
challenging: We must solve it; but no one group or discipline
or sector of society is going to solve it on their own. — Such
‘silos’ do not work for finding solutions to climate change”
(Coyne, 2022).

To improve communication among scientists, Dr. Rosen-
zweig created a program called AgMIP (Agriculture Model
Intercomparison and Improvement Project). AgMIP brings
together an interdisciplinary and international team of stake-
holders and experts to estimate and predict how climate
change will produce new risks and vulnerabilities in global
agriculture, while also providing risk mitigation and adap-
tation suggestions (AgMIP, 2022). The model’s framework
focuses on four dimensions: adaptation, mitigation, food secu-
rity, and agriculture policy (Rosenzweig et al., 2017). The user
interface provides this information at three different levels of
expertise. The first level is the regional summary provided
and demonstrated using individual stories about farmers who
have benefited. The second level is the spatial dashboard using
maps and data to make comparisons among various regions.
This approach was designed in response to the United Nations
(United Nations Framework Convention on Climate Change)

request for information about, and implications of, constrain-
ing the global temperature increase to 1.5 and 2.0°C. While
there is still much uncertainty in how much the climate will
change, the model identified vulnerabilities and uncertainties
in managing the future risk to agriculture (Rosenzweig et al.,
2017).

Another agriculture DSS that stepped out of its silo and
into a broad regional system is DAWN (Dashboard for Agri-
cultural Water use and Nutrient management). DAWN is
supported by the U.S. Department of Agriculture (USDA)
through NIFA’s Agriculture and Food Research Initiative,
with the goal of informing row crop producers about water
and nutrient management decisions. The system couples a
crop growth model with existing regional climate systems and
links them with data about land and water use, agroecology,
hydrology economics, and human intervention. The DSS then
uses these models to help producers with field-level decisions
(DAWN, 2022). This system, produced for both farmer and
researcher use, can run scenarios about specific problems and
predict outcomes based on soil maps, historical climate data,
estimated crop yields, and more. These scenarios look to opti-
mize economic return and minimize environmental impacts.
From these various predictions, the producer can choose the
most preferred scenario. This tool can help producers explore,
risk free, their options for different crops and various irriga-
tion strategies. Even without an irrigation system, this DSS
can be helpful by providing land and yield information that
relates to potential water quantity and quality needs such as
evapotranspiration rates, average precipitation and air temper-
ature, soil moisture, crop yield potential, nutrient loss, runoff,
and drainage potential.

The user interface of DAWN is also being co-developed by
stakeholders to ensure that the intended users/communities
will have their needs met. DAWN will do this by providing
information through both text and graphics, allowing users
to explore options and strategies easily and quickly, collect
statistics about location and crop type, evaluate the produc-
ers’ needs, and finally provide education materials such as
extension publications and research summaries to keep users
informed on the decisions they make. This new and exciting
DSS will provide insights into new strategies for sustainable
agriculture as well as opportunities for graduate students and
early career researchers to work on creating/improving farm
management.

The Fertilizer Recommendation Support Tool (FRST) also
seeks to take DSSs to a broader scale by being a U.S.
Department of Agriculture-operated, national fertilizer rec-
ommendation database and tool in the United States. This
project takes inspiration from a national soil recommendation
project produced in Australia in 2013 called The Australian
Better Fertilizer Decisions for Cropping Systems Project
(Conyers et al., 2013). FRST is a calibration and correla-
tion study currently focused on potassium and phosphorus
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but will expand into nitrogen and micronutrient recommenda-
tions (Lyons et al., 2020). This collaborative project includes
over 30 land grant universities, USDA Agricultural Research
Service, and USDA Natural Resources Conservation Service
and aims to address the inconsistent information on fertil-
izer recommendations that can occur across state lines. Future
recommendations would be based on local site character-
istics, rather than a state boundary (McCauley, 2020). The
data set is being populated with historic data from 29 states
that meet appropriate criteria and includes crop yield, grain
moisture, rainfall, air and soil temperatures, seasonal stresses,
and the production system used (Speirs et al., 2013). The
web-based, user-friendly platform allows users to select input
variables such as soil test methods, geographic locations,
yield levels, and crop types to assist in recommendation deci-
sions. This tool is expected to be continuously updated and
hosted on a neutral internet space with common access and
author attribution for as long as possible. The project leaders
are encouraging more collaborative research on soil fertility
among researchers and provide new career opportunities for
graduate students to work with large historical, as well as cur-
rent, data sets to produce transparent useful information to
producers. We believe that programs such as AgMIP, DAWN,
and FRST can help graduate students and professionals culti-
vate career opportunities, expand their horizons, see how their
research can help answer the “big” questions, and move out of
their narrow research path.

2 | CONCLUSIONS

In this unprecedented era of environmental crisis and high-
tech digital agriculture, which can collect information at high
spatial and temporal resolutions, DSS product developers,
researchers, and end users need to collaborate and broaden
their scope to solve critical issues facing agriculture at mul-
tiple scales. When implemented, we believe that DSSs are
powerful tools that can help humans make connections in
large data sets and find patterns that are crucial to mak-
ing more sustainable and resilient crop production decisions.
While DSS tools demonstrate an exciting future, it is impor-
tant to recognize five aspects that have implications for PA
adoption.

First, while many producers want to increase sustainability
of their production, it is difficult to be cognizant of all factors
that create the most profitable and sustainable outcomes. Sec-
ond, the replacement of process or empirical models with ML
algorithms within a DSS has the potential to improve accuracy
and reduce uncertainty.

Third, policy-makers must continue to reduce the finan-
cial burden of acquiring the technology through strengthening
programs that provide financial incentives to smaller farms to
adopt DSSs. Fourth, industry professionals need to increase

opportunities for farmers to engage with technology to build
confidence in appropriate DSS products, while lawmakers
must begin to address serious questions about data equity such
as the legal definition of data ownership.

Fifth, communication barriers between DSS designers and
stakeholders also still need to be broken down, and addition-
ally, appropriate training must be provided at higher education
levels for those pursuing careers in PA. Once these hurdles
have been overcome, DSSs can work as tools to aid farmers
in making decisions that will fully allow us to meet both the
current and future agronomic needs for food, feed, fuel, and
fiber in a sustainable manner.
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