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ABSTRACT
Agriculture, as one of humanity’s most essential industries,
faces the challenge of adapting to an increasingly data-
driven world. Strategic decisions in this sector hinge on
access to precise and actionable data.

Governments, major agriculture companies, and farmers
have expressed a need for worldwide monitoring of crop
commodity quantities and prices. However, the complex and
diverse nature of agricultural data and crop commodities,
often presented in unstructured formats, pose significant
challenges in extracting meaningful insights.
This study delves into the effectiveness of Large Lan-

guage Models, particularly in Named Entity Recognition,
focusing on their ability to efficiently tag and categorize
crucial information related to agriculture, vessel tracking,
imports, and exports, thereby enhancing data accessibility.

Our results indicate that while fine-tuning a base model
achieves high precision, Large Language Models, particu-
larly GPT-4 and Claude v2, demonstrate comparable per-
formance with the added benefit of requiring no additional
training for new entity recognition.

This research highlights the promising role of Large Lan-
guage Models in agricultural AI, suggesting their use as a
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scalable solution for real-time data analysis and decision
support in agriculture.
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1 INTRODUCTION
Agriculture is one of the oldest and most essential indus-
tries, providing food and raw materials for humanity. This
vital sector is increasingly driven by data, with myriad of
decisions made daily that impact production, sustainability,
and resource management.

Monitoring the quantities and prices of crop commodities
on a global scale is becoming increasingly important. Many
governments, major agriculture companies, and farmers
are demanding access to this information in order to make
informed decisions.
In this information-intensive environment, agricultural

producers, and small agricultural commodities buyers/sellers
require accurate, timely, and actionable insights to make
informed decisions. For instance, Fluctuations in soybean
prices can be influenced by a variety of factors including
weather conditions in major soybean-producing regions,
global trade policies, and changes in demand. By having ac-
cess to real-time data on commodities prices, which can be
extracted from financial news, market analysis reports, and
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commodities exchanges, the farmer can make an informed
decision on when to sell the crop to maximize profit.
However, the challenge lies in the nature of the data,

Crucial information exists in an unstructured format, scat-
tered across different sources such as market reports, news
articles, and digital communications. Extracting and ana-
lyzing meaningful insights from this unstructured data is a
complex and time-consuming task.
Natural Language Processing (NLP) emerges as a key

player in this scenario. Its ability to process and understand
human language, both in text and speech, makes it an ideal
tool for dissecting the vast, unstructured datasets preva-
lent in agriculture. Among NLP technologies, Named Entity
Recognition (NER) is particularly relevant. NER can catego-
rize key information like crop types, geographical locations,
and market trends, transforming raw data into valuable
knowledge.
In this context, We aim to develop an automated solu-

tion that provides efficient analysis of various information
sources. For example, a specialist in a specific crop would be
able to quickly and effectively access relevant files and news
about that crop. The solution will utilize NER to categorize
and prioritize information, making it more accessible and
useful for stakeholders in the agricultural industry.

Despite its potential, the application of NLP in agriculture,
especially NER, has been less developed compared to other
sectors like healthcare and finance. A significant obstacle
is the scarcity of specialized datasets in the agricultural do-
main, which is crucial for developing robust systems. This
paper addresses this gap by evaluating the efficacy of Large
Language Models(LLMs) for NER tasks in the agricultural
domain. Our focus is on identifying and classifying key enti-
ties, such as product types and locations, within agricultural
texts. The lack of specialized agricultural datasets for NER
raises a critical question: Can LLMs be effectively used and
replace traditional model training approaches for NER tasks,
particularly within the agricultural domain?

This paper is structured as follows: Section II reviews the
evolution of NER methods and the use of NER. Section III
details our methodology, outlining the datasets and models
used. Section IV presents our results, demonstrating the
promising capabilities of LLMs in accurately performing
NER tasks. Through this research, we contribute to the field
of agricultural AI and demonstrate the practical utility of
LLMs in fostering data-driven and sustainable agricultural
practices.

2 RELATEDWORK
2.1 The evolution of NER techniques
NER is a specialized task within Natural Language Process-
ing that focuses on identifying and classifying entities from

unstructured text into predefined categories. These entities
can vary depending on the domain of the application. For
instance, in the agriculture field, we could have Commodity,
Temperature, Precipitation, Price, etc.

In the early stages of NER, systems were largely rule-
based including LaSIE-II [9], FACILE [3], and LTG [13] sys-
tems. As an example, Kim [8] proposed ProMiner, which
leverages a pre-processed synonym dictionary to identify
protein mentions and potential genes in biomedical text.
These methods were somewhat effective but lacked the
sophistication needed to understand context and complex
language nuances.

The introduction of statistical methods, particularly Con-
ditional Random Fields(CRFs), marked a significant improve-
ment in NER systems by considering the context and de-
pendencies of words. This algorithm has found application
across multiple domains, including biomedical text [17],
tweets [10], and chemical text [16]

However, the real breakthrough came with the advent of
deep learning techniques, initially pioneered by Collobert
and Weston[4]. The most used methods for NER with deep
learning are Recurrent Neural Networks(RNNs) such as BiL-
STM [12], convolutional Neural networks [7], etc. These
networks enhanced the ability to capture contextual infor-
mation over longer stretches of text, significantly improving
the accuracy of NER systems.

The current state-of-the-art in NER is dominated by transformer-
based like BERT [6], Roberta [11], and their variants. These
models, pre-trained on vast text corpora in a self-supervised
manner, have shown remarkable success in understanding
the context and subtleties of language, providing a robust
foundation for NER tasks. They can be fine-tuned with
domain-specific datasets to perform well on specialized
NER tasks.

2.2 NER in agriculture
Despite these advancements, NER’s application in agricul-
ture remains limited, partly due to the lack of large, domain-
specific datasets and the extensive human labor required
for labeling. Agriculture possesses unique jargon and ter-
minology, necessitating tailored NER solutions.
Sayan De et al. [5] address the challenge of extracting

relevant information from agricultural data. They propose
an ’AgriNER’ dataset that includes thirty-six types of enti-
ties and nine types of relations pertinent to the agricultural
domain. This resource is aimed at facilitating the creation
of Knowledge graphs.

QuocHungNgo et al. [14] developed a new tagset for NER
in the agricultural domain. Their study outlines a two-stage
process: initially employing semantic-based approaches for
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entity detection and corpus building, followed by deep learn-
ing techniques for entity recognition from plain text.

Despite these developments, the NERmodels and datasets
previously established do not fully align with our specific
needs. The primary challenge lies in the discrepancy be-
tween the entities we seek to identify and those covered by
the existing tagsets.

2.3 LLMs and NER
Recent advancements in LLMs such as GPT-3.5 and GPT-4
[15] have demonstrated an impressive ability to adapt to
various textual domains, hinting at a promising direction
for overcoming challenges in agricultural NER and other
specialized fields. These models’ flexibility and understand-
ing potentially pave the way for more nuanced and accurate
entity recognition across diverse domains.

Wang et al., as referenced in [18] effectively bridged the
gap between traditional labeling tasks and the generative
nature of LLMs with their GPT-NER. This system leverages
the inherent strengths of LLMs, adapting them for precise
entity recognition. GPT-NER achieves comparable perfor-
mance to the supervised baseline.
Furthermore, Zhou et al. [19] explore the potential of

LLMs in NER through targeted distillation. This methodol-
ogy involves distilling a large, general-purpose LLM into a
more focused NER model, resulting in remarkable accuracy
across numerous domains and entity types. However, it is
noted that these advancements have yet to be specifically
addressed in the agriculture domain.
In summary, NER has undergone significant evolution,

from rule-based systems to advanced LLMs. While consider-
able progress has been made, the journey of NER, especially
in specialized domains like agriculture, is ongoing with
continuous innovations and adaptations needed to meet
specific challenges and requirements

3 METHODOLOGY
In this study, our primary goal is to assess the efficacy of
LLMs in the NER for the efficient tagging of agricultural doc-
uments based on their key information. These documents,
varying in format from text to tables, originate from di-
verse sources. They cover information about trading, vessel
tracking, exports, imports, and crop status in different coun-
tries. Therefore, we aim to extract entities such as Currency,
Exchange Month Reference, Location, Period Aggregation
Type (year, month, etc.), Unit (Tones, Hectar, Hour, etc.),
Vessel Status (Loaded, moved, discharged, etc.) Trade Flow
Mode (Import, Export, etc.), etc.

3.1 Data collection
The dataset encompasses various commodity types, includ-
ing Janice, Soybean, Vegetable Oil, and Sugar, among others.
These documents, sourced in formats such as PDF andWord
files, were obtained from a diverse array of contributors in-
cluding brokers and international organizations, ensuring
a rich representation of the global landscape of crop com-
modities.
For the intricate task of document annotation, we em-

ployed the AWS Ground Truth tool [2], hosted on Amazon
Web Services (AWS). This tool was chosen for its advanced
capabilities in facilitating a visual understanding of the
content within PDF documents. Figure 1 illustrates the user-
friendly interface of the AWS Ground Truth annotation tool,
showcasing its utility in our research process.

Figure 1: Interface of the AWS Ground Truth Annota-
tion Tool

Our preliminary results are centered around 5 entities:
’Location’, ’Product’, Snd_item, Currency, and Unit, provid-
ing a foundational understanding of model performance in
these key areas. We initiated our research by annotating a
selection of documents pertinent to the agricultural market
using AWS Ground Truth Sagemaker. This process allowed
for the creation of a dataset comprising 395 samples, each
representing a sentence from the agricultural domain. These
samples include two crucial fields:

• Text: This field contains the original sentence that
underwent the annotation process.

• Entities: Within this field, we maintain a structured
list of annotated entities. Each entity is described by
a sublist containing the following attributes:
– start: The index of the first token of the entity
within the sentence.

– end: The index of the last token of the entity within
the sentence.

– label: The label or category assigned to the entity,
indicating its specific type or nature within the
agricultural context.
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Table 1: Entity types used for annotation

Entity Entity description Examples
Product Words that denote Corn, Cotton

a specific product Wheat, Cattle
or item in the Mutton, Poultry,

agriculture domain etc.
Location Words that represent Decatur, IL ,

geographical OHIO,
locations, such as city Fort Dodge,
names, countries, etc. etc.

Snd_item reference for something inventory,
in the inventory’s livestock,

lifecycle exports,
demand, etc.

Currency Words that represent Brazil Cruzado
various types Novo ,Iraqi Dinar,
of currency Egyptian Pound,

US Dollar, etc.
Unit Words that denote USD per metric

units of ton, hectare,
measurement in tons, meter,
various contexts Day, Week, etc.

3.2 NER models
In our pursuit to enhance NER within this specific sector,
we selected a suite of models renowned for their linguistic
capabilities and adaptability across various domains. The
models chosen for evaluation include:

• GPT 3.5 turbo
• GPT 4 [15]
• Claude v2 [1]
• Multilingual BERT using spacy-transformers

To tailor our models for the specific NER task in agricul-
ture, we pursued different approaches based on the model
type:

• Large Language Models(LLMs): For the LLMs, such as
GPT-3.5 Turbo, GPT-4, and Claude v2, we leveraged
the few-shot prompting technique. This approach
involves providing the models with a small set of ex-
amples to guide their understanding and generation
capabilities towards agricultural entity recognition.
By crafting prompts that include examples of the enti-
ties we aim to identify, we effectively steer the models
to recognize similar patterns in new texts.

• Base Model: The Multilingual BERT model, facilitated
by the spaCy-transformers library, bridges spaCy’s
efficient NLP tools with the powerful transformers

from Hugging Face. Initially, Multilingual BERT’s pre-
trained capabilities are geared towards general lan-
guage understanding, which necessitates fine-tuning
to align with our domain-specific objectives. We re-
fined the model using our annotated dataset, which
encapsulates the nuanced vocabulary and entity types
related to agriculture, vessel tracking, imports, and
exports. The fine-tuning process was meticulously
planned, with the dataset segmented into training
and evaluation subsets. Specifically, 60% of the sam-
ples (237) were allocated for training, enriching the
model’s learning phase with diverse examples. The
remaining 40% (158 samples) constituted the evalua-
tion set, serving as a benchmark to assess the model’s
proficiency in accurately identifying and categorizing
entities within the agricultural context.

4 RESULTS+ DISCUSION
For NER evaluation metrics, we use the F1 score which
represents the harmonic mean between precision and recall,
providing a balance between them. It is calculated from
precision and recall metrics (1).

𝐹1 = 2 × precision × recall
precision + recall

(1)

Where:
• Precision: is the number of correctly identified posi-
tive results (true positive) divided by the number of
all identified positives, including those not identified
correctly.

• Recall: is the number of correctly identified positive
results divided by the number of actual positive re-
sults.

Figure 2 illustrates F1 scores attained by different models
across five entity types. The models evaluated are GPT-3.5
Turbo, GPT-4, Claude v2, and Multilingual BERT. The entity
types assessed are Product, Location, Snd_Item, Currency,
and Unit. Key observations are as follows:

• The F1_score for ’Product’ entity recognition is high-
est with Multilingual Bert, closely followed by GPT-4
, and lowest with Claude v2.

• ’Location’ entity recognition scores are fairly consis-
tent across all models, with GPT-4 and Multilingual
Bert sharing the highest scores.

• The ’Snd_Item’ entity has the most variation in scores,
with the highest score achieved by Multilingual Bert
and the lowest by GPT-3.5 Turbo.

• For ’Currency’, Claude v2 outperforms the other mod-
els, with GPT-4 coming in a close second.

• The ’Unit’ entity recognition is best performed by
Multilingual BERT, followed by GPT-4.
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Figure 2: Comparing the F1 scores of various language
models for NER tasks, specifically in identifying the
five entities.

The ’Snd_Item’ entity proves to be particularly challeng-
ing, as it is highly context-dependent. For instance, dis-
cerning ’Imports’ as a ’Snd_Item’ when ’Import’ can also
represent a ’Trade_Flow_Mode’ entity requires nuanced
understanding.
Among the LLMs, GPT-4 demonstrated superior perfor-

mance compared to Claude v2 and GPT-3.5 turbo. This sug-
gests that GPT-4 exhibits a higher level of proficiency in
identifying the five entities.
Compared to all evaluated models, multilingual BERT

showcased robust performance across all entity categories.
This model achieved higher F1 scores, which can be attrib-
uted to their customized architectures tailored specifically
for NER tasks.

Incorporating LLMs into the production environment for
NER tasks within the agricultural domain presents a sig-
nificant opportunity to overcome some of the limitations
inherent in base models. The results of our study show that
LLMs, particularly GPT-4 and Claude v2, perform commend-
ably, with F1 scores approaching those of fine-tuned base
models. This suggests that LLMs have the potential to be
highly effective in accurately recognizing agricultural en-
tities, even when they have not been explicitly trained on
domain-specific datasets.

The advantage of using LLMs in production is their ability
to handle the introduction of new entities. In this dynamic
field, where new terms may be required, LLMs’ adaptability
can be leveraged to maintain accurate entity recognition
without the need for continuous retraining. This contrasts

with base models, which typically require an annotated
corpus to learn new entities, which is a process that can be
time-consuming and resource-intensive.
However, while LLMs show promising results, it’s cru-

cial to consider the trade-offs. The robust performance of
fine-tuned base models on specific tasks must be balanced
against the flexibility and lower maintenance requirements
of LLMs. Furthermore, questions about the interpretability
and predictability of LLMs in production scenarios persist,
underscoring the need for ongoing research into their be-
havior and performance.

CONCLUSION AND FUTUREWORK
In this study, we embarked on an exploration of the capabili-
ties of LLMs in performingNER tasks within the agricultural
domain. Through meticulous annotation and evaluation
using the F1 score metrics, we compared various models
including GPT 3.5 turbo, GPT-4, Claude v2, and Multilin-
gual BERT, specifically focusing on five entities: Product,
Location, Snd_Item, Currency, and Unit. Our findings re-
veal that LLMs, particularly GPT-4 and Claude v2, hold their
ground against base models, displaying a robust capability
to identify entities. This is particularly noteworthy as it sug-
gests the potential of LLMs to perform well even without
extensive domain-specific training.
Nonetheless, the deployment of LLMs does not come

without its considerations. The interpretability and pre-
dictability of LLMs within real-world production environ-
ments remain areas requiring further understanding.
Moving forward, our goal is to increase the application

of LLMs in the agricultural domain while addressing the
challenges and limitations observed in these models. Key
areas of future research include:

• Expanding Entity Types: We aim to extend our re-
search to include a wider array of entity types to cover
our analytical needs. This will provide a more com-
prehensive understanding of the models’ capabilities
and the intricacies of agricultural data.

• AssessingModel Trustworthiness:Given themixed
trust in LLMs’ performance, an important direction
is developing methodologies to assess and ensure the
reliability of these models in agricultural contexts.
This includes exploring techniques for error analysis,
interpretability, and robustness in LLM applications.

• Continuous Improvement: Implementing mech-
anisms for continuous learning and adaptation can
help models stay relevant and improve over time.
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