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Abstract

Artificial intelligence (AI) has improved significantly in re-
cent decades, and, along with it, its applications to real-world
scenarios. AI has been used within a wide variety of fields
like health care and e-commerce, however, AI has yet to inte-
grate with the agriculture industry. With the help of machine
learning, AI can begin to integrate with the industry via a re-
search assistant. The model will assist researchers conduct
experiments by giving treatment methods that are best suited
for the experiment rather than relying on the expertise of the
researcher. This will help research within the industry to be-
come more efficient and less error prone. To accomplish this,
the model will use a Knowledge Graph created by the IDIR
lab that converts the large CSV files into a graph that can be
queried and then summarized by the model.

Introduction
In this study, I plan to demonstrate how artificial intelli-
gence (AI) can improve research in the agriculture indus-
try by utilizing machine learning. It is my intention for re-
searchers within the field to use this AI model to minimize
the amount of trial-and-error experiments they have to per-
form. Although researchers rely on their expertise in soil
science to make educated guesses about the best treatment
strategies, these predictions are not always accurate. Further-
more, with the time and cost of these experiments increas-
ing as funding continues to diminish, the right approach be-
comes more critical (Heisey and Fuglie 2018). In response to
these challenges, I plan to create an assistant that minimizes
the possibility of wasting effort and with it, the cost to com-
mit to these experiments. This will allow research groups to
overcome the financial hurdle that seems to be growing day
by day as people begin to lose interest in the field of study.

Prior Work
Currently, I am working with IDIR, Innovative Data Intel-
ligence Research, lab’s faculty, and graduate students on a
project called Soil Organic Carbon Knowledge Graph. With
funding from NSF’s Proto-OKN program and data from the
United States Department of Agriculture, we aim to max-
imize carbon within the soil and in doing so, reduce the
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amount of carbon in the atmosphere. The data analyzes
around 65 different fields, each with its unique focus, and
is subdivided into plots with a unique experimental unit ID
(UID). These UIDs help give a structured format to the data
and allow researchers to identify not only the plot of land but
also the purpose by relating the UID to related metadata and
measurements. For example, if the UID is associated with
a specific treatment ID, that UID is undergoing a combina-
tion of treatment methods specified under the treatment ID.
These treatment methods include data such as crop rotation,
tillage, whether the plot is irrigated, or whether residue from
the previous harvest was removed. Additionally, the mea-
surements cover a wide range of topics such as greenhouse
gas emissions, weather data, and chemicals within the soil.
To build this unique project, we have created an ontology
that builds on the initial structure provided by USDA and
subdivides the data further to allow for easier readability.
Specifically, the ontology defines three structures: Classes,
Data Properties, and Object Properties. Classes generalize
the data based on its purpose, for example, data focused on
chemical measurements will be imported as an instance of
the chemical measurements class. With each instance of a
class, there are nodes with Data Properties that describe the
values of the instance. Finally, Object Properties simply re-
late two nodes in different classes based on data with the
source files. By leveraging the versatile ontology we cre-
ated, complicated questions such as finding the change in
soil organic carbon over time can be answered. Moreover,
with our knowledge graph now containing 650,000 instances
and 900,000 object properties, it presents significant poten-
tial for further research and exploration. The capabilities are
far greater than what we are currently using it for, and we
hope that others will be able to use this KG to find solutions
to problems beyond our current scope of research.

Approach
This approach will leverage the Knowledge Graph devel-
oped by the IDIR lab to analyze data and recommend tai-
lored treatment combinations for the user. Additionally, as
long as USDA continues its experiments, the model will be
up to date on the most recent data, and therefore generate
improved precision and accuracy of the model’s results. The
model will obtain these results by first querying a Neo4j
database via Cypher queries, a query language similar to
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SQL but made for Neo4j databases. This step will perform
two tasks. First, collect results that match the given prompt,
and second, distill the output into a simplified version for
the user to read. Using Cypher queries, the model can create
complex calculations to produce a table with the desired val-
ues. These results can then be saved as CSV files, which the
AI model can read and group for further processing. Python
libraries can help convert CSV files into graphs by using the
pandas and NumPy libraries to allow python code to analyze
the data, then use matplotlib to visualize the data in a mean-
ingful way. The model will then efficiently summarize the
data for the reader to interpret so they only have to under-
stand the key points of the model’s analysis. By automating
these processes, the model saves time and reduces the com-
plexity involved in manually analyzing large datasets.

Another aspect that could be implemented in the model is
how it responds to queries. Since our target audience is soil
scientists, we should train the model to use field-specific ter-
minology rather than providing generalized responses. The
most effective way to achieve this is training the model on
academic papers in soil science, which define and apply vast
amounts of terminology. This approach will enable our tar-
get audience to gain a deeper understanding of the proposed
solutions and allow them to adjust the outcomes based on
their knowledge and expertise.

Evaluation
Like any AI model, the model can create hallucinations, so
two tasks must be validated. First, the clarity of the model’s
responses must make logical sense while being concise. Be-
cause the model is designed to mimic the communication
style of soil scientists, its responses must be reviewed by
domain experts. This will take time to create a well-defined
system of how the model should respond but in the long run,
this will be highly beneficial. Scientists will also need train-
ing to formulate effective queries and minimize the risk of
query failures. The second task we need to evaluate is the ac-
curacy of the model’s responses. We cannot simply ask the
model to give us solutions to problems we ourselves do not
know the answer to. The reason why we cannot do this is
simply because this would take too long to verify and is pre-
cisely the scenario we are trying to avoid with this project.
To efficiently evaluate the accuracy of the model, we first
need to test it on questions that are already known. Ques-
tions like, are soil organic carbon and crop yield related?
The answer should be yes as there has already been a proven
correlation between the two (Oldfield, Bradford, and Wood
2019). Once the model has gone through its supervised train-
ing, then we can confidently attempt to ask for theoretical
treatment strategies.

Discussion
If trained properly, the ability of an AI model to assist re-
searchers in their experiments should drastically reduce the
time and money needed to conduct their experiments. By
integrating AI into this process, researchers can leverage
the model’s power to simulate and predict outcomes before
physical experiments are conducted. I expect the efficiency

of research in the agriculture field to increase as researchers
will have the power of an AI model with decades of data
to help their research. AI can identify patterns, correlations,
and insights that would take researchers months or even
years to uncover manually. Furthermore, the enhanced capa-
bilities provided by the model will empower researchers to
take bolder, more ambitious approaches in their work. With
the significant reduction in time, cost, and effort required
to conduct experiments, researchers will have greater free-
dom to explore more innovative and high-risk ideas that may
have previously been deemed too resource-intensive or un-
certain. This shift in focus away from logistical constraints
will enable scientists to pursue bigger, more complex re-
search questions, pushing the boundaries of agricultural sci-
ence. For example, by accelerating discoveries in agrarian
science, AI can help researchers develop more sustainable
and efficient farming practices. This will become a more vi-
tal pursuit in the future as the world population is predicted
to reach nearly 11 billion people by 2100 (Cilluffo and Ruiz
2019).

Conclusion
Agricultural research, like any field, carries the inherent risk
of having a hypothesis proven wrong. However, this risk is
amplified by limited funding and lower interest compared to
other disciplines, where securing resources often involves
stringent scrutiny. A failed hypothesis in agriculture can
mean months or even years of lost work. An AI assistant
can help mitigate this challenge by enabling researchers to
test bold hypotheses with greater confidence, reducing the
fear of failure, and accelerating research output and dis-
coveries. This is made possible by leveraging the Knowl-
edge Graph developed by the IDIR lab, which encompasses
over 60 fields and 600,000 data instances. Using Neo4j and
Cypher queries, the model can efficiently analyze this wealth
of information and produce insightful results. To fully real-
ize the potential of this approach, the model’s performance
will be evaluated in two key areas: the relevance and clarity
of its responses to queries and the accuracy of the informa-
tion provided. With input and oversight from soil scientists,
the AI can be effectively refined to transform agricultural
research, driving innovation and progress in this vital field.
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