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Tir khoa:

Chatbot néng nghiép,
chén dodn séu bénh,
huwéng dén thuéc béo
vé thuc vat, xi ly ngén
ngi tw nhién.

ABSTRACT

Digital advisory systems have emerged as an important solution for improving crop
management in regions where farmers have limited access to timely and reliable
technical support. This study developed and evaluated an artificial intelligence-driven
chatbot that uses Vietnamese natural language processing and a structured plant
protection knowledge base to provide guidance on pest diagnosis, nutrient
management, and pesticide use. System requirements were identified through
interviews with 30 farmers and 10 agricultural students. A comprehensive knowledge
base was constructed from national plant protection guidelines and international
technical sources and validated by specialists from provincial plant protection agencies.
The chatbot was built on a modular architecture that included an NLP component, a
dialogue management module, and image-supported advisory templates, and was
deployed on Facebook Messenger. Technical testing over 72 hours showed stable
system performance, with an average response time of 1.3 seconds, an intent-
recognition accuracy of 85 percent, and an automation rate of 80 percent. Field testing
with 30 farmers generated 431 valid queries and demonstrated strong user
engagement, particularly for pest diagnosis and pesticide preparation. User evaluations
showed high clarity (4.4), usability (4.3), usefulness (4.2), and overall satisfaction (4.3).
Qualitative feedback indicated that farmers valued the standardized, stepwise
guidance and the absence of commercial pesticide promotion. The system’s ability to
deliver consistent and scientifically validated information suggests its potential as a
practical digital extension tool for Vietnamese agriculture. The findings highlight
opportunities to integrate more advanced NLP models, region-specific data, and image-
based diagnostic features to further enhance advisory accuracy and usability.

TOM TAT

Hé théng tw vén sé dang tré thanh gidi phdp quan trong nhém ndng cao hiéu qué qudn
ly c@y tréng trong béi canh nhiéu néng hé gdp kho khén trong viéc tiép cdn nguén théng
tin ky thudt chinh xdc va kip thoi. Nghién cuitu nay xdy dung va ddnh gia mét chatbot dua
trén tri tué nhdn tao, tich hop xi Iy ngén ngi¥ tw nhién tiéng Viét va co sé tri thirc bdo vé
thure vat nhdm cung cép hwdng dén vé chdn dodn sdu bénh, qudn ly dinh dudng va st
dung thubc béo vé thurc vét. Yéu cdu hé théng duoc xdc dinh théng qua phdng vén 30
néng dén va 10 sinh vién néng hoc. Co s tri thire durgc xdy duwng tir cdc tai liéu chuyén
mén quéc gia va ngudn ki thudt quéc té, sau dé dugc chuyén gia thuéc cdc Chi cuc Tréng
trot va Bdo vé thurc vat thdm dinh. Chatbot duroc phdt trién theo kién tric mé-dun gém
xt Iy ngbn ngi¥ tw nhién (NLP) tiéng Viét, bé quadn ly hoi thogi va cdc mdu tw vén cé hé tro
hinh dnh va dwoc trién khai trén nén tdng Facebook Messenger. Kiém thir kj thudt trong
72 gi&r cho thdy chatbot hoat déng én dinh vdi thoi gian ddp tng trung binh 1,3 gidy, d6
chinh xdc nhan dién y dinh dat 85% va ty Ié tw déng héa dat 80%. Thir nghiém thuc dia
trén 30 néng dén vdi 431 truy vén hop 1é ghi nhédn mirc d6 twong tdc cao, déc biét & cdc
nhém céu héi vé séu bénh va pha ché thubc bdo vé thuc vat. Ngudi ding ddnh gid mire
d6 ré rang 4,4; dé st dung 4,3; hitu ich 4,2 va hai Iong chung 4,3 trén thang ndm diém.
Phdn hoi dinh tinh cho thdy néng dén ddnh gid cao tinh chuén héa cua théng tin, cdu tric
tw vén theo tirng budc va viéc khéng gidi thiéu tén thurong phdm. Két qud chi ra rdng hé
théng cé khé ndng tré thanh céng cu hé tro khuyén néng sé hiéu qud cho sén xudt néng
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nghiép Viét Nam. Cdc hudng phdt trién tiép theo bao gém mdé réng co s& triéu chirng,
tng dung mé hinh ngén ngi¥ ndng cao va tich hop chitc ndng chdn dodn bdng hinh énh
nhdm téng d chinh xdc va tinh cd nhén héa trong tw vén.

1. INTRODUCTION

Digital transformation in agriculture has
accelerated worldwide in recent years, with
artificial  intelligence, natural language
processing (NLP), and knowledge-based
systems increasingly applied to improve crop
protection, nutrient management, and
pesticide decision-making [1]. In countries
dominated by smallholder production, timely
and reliable advisory services are essential for
mitigating yield losses caused by pests and
diseases [2]. These challenges affect a
significant proportion of global cultivated land
each year. Despite the growing availability of
digital tools, many farmers, particularly in
developing regions, rely on fragmented or
unverified information sources, which often
leads to incorrect pesticide use, environmental
risks, and substantial economic losses.

Recent studies highlight the growing
potential of intelligent decision-support
technologies in agriculture [3]. It has been
reported that machine learning systems can
identify crop pests and diseases with high
accuracy [4]. A recent study also demonstrated
that digital decision-support tools guide
farmers toward appropriate pesticide choices
and help reduce excessive chemical use [5]. Of
particular interest, NLP-based chatbots can
deliver accessible advisory services to rural
users in several countries. Despite these
developments, most existing systems operate
primarily in English or other widely used
languages and do not fully address regional
agronomic practices or regulatory frameworks.
In Vietnam, smartphone penetration is high,
and Facebook Messenger is widely used in rural
communities [6]. However, artificial
intelligence- (Al-) based Vietnamese-language
chatbots designed for crop protection, nutrient
guidance, and pesticide safety remain limited.

This study aimed to develop an Al-based
agricultural advisory system integrated with
Facebook Messenger to support crop
management in a practical and accessible way.
This study is distinguished by its integration of
a user-centered needs assessment with

domain-specific agricultural knowledge on a
widely used messaging platform.
2. RESEARCH METHODS
2.1. Requirement analysis and user needs
assessment

A needs assessment was conducted through
semi-structured interviews with 40
participants, including 30 farmers from
different production areas in Hanoi city,
Vietnam, and 10 students from the Faculty of
Agronomy, Vietnam National University of
Agriculture (Hanoi city, Vietnam). Participants
were recruited by convenience sampling based
on two eligibility criteria, including current
involvement in crop production or agronomy
training, and willingness to use smartphone-
based messaging platforms. Before data
collection, all participants were informed of the
study objectives and procedures, and verbal
informed consent was obtained. Participation
was voluntary, and responses were
anonymized before analysis. The interviews
examined difficulties related to pest
identification, nutrient management, pesticide
selection, dosage preparation, and safety
practices. The analysis identified three main
user needs, namely access to verified
information on crop symptoms, disease
progression, and factors associated with pest
outbreaks; clear guidance on pesticide active
ingredients, dosage ranges, and mixing
procedures; and practical instructions on safe
handling and pre-harvest intervals. Non-
functional requirements included rapid
response time, high accuracy, accessibility via
Facebook Messenger, and an interface suitable
for older users.
2.2. Construction of the plant protection
knowledge base

The knowledge base was developed from
authoritative agricultural references and
national guidelines, including plant protection
textbooks from the Vietnam National
University of Agriculture (Hanoi city, Vietnam),
the National Integrated Pest Management
Handbook, and national pesticide regulations,
supplemented by technical documents from
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the Food and Agriculture Organization of the
United Nations and the International Rice
Research Institute. To capture crop production
conditions in Vietnam, the dataset was
expanded to include 18 major crop species
selected from national production statistics
and farmer interviews, including rice (32%),
vegetables (24%), fruit crops (18%), maize
(10%), industrial crops such as coffee and
pepper (8%), and other minor crops (8%). The
knowledge base covered 152 plant health
problems, including 87 diseases, 52 insect
pests, and 13 physiological or nutrient-related
disorders, with coverage prioritized according
to the frequency of farmer-reported problems.
A nutrient management module was also
included, covering 13 groups of essential
nutrient deficiencies and toxicities across
major crop groups, with recommendations
expressed by active ingredient and supported
by guidance on dosage, application timing, and
safety considerations. In addition, the system
incorporated 108 pesticide active ingredients
commonly registered in Vietnam, selected
according to national regulations and expert
consultation, and linked to specific crops and
pest groups to support accurate and compliant
recommendations. The final architecture
comprised 150 standardized response
templates, 56 dialogue pathways, 108 pesticide
active ingredients, 87 diseases, 52 insect pests,
13 nutrient disorder groups, and 40
preparation instructions adapted to common
commercial formulations. All content was
reviewed by plant protection specialists from
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provincial Crop Production and Plant
Protection Sub-Departments.
2.3. Chatbot architecture and system

development

The chatbot was developed with a modular
architecture that consisted of four major
components: a user interface layer, a
Vietnamese NLP module, a dialogue
management module, and the plant protection
knowledge base. Chatfuel served as the
development platform, as previously described
[7]. The NLP component classified user
messages into predefined intent categories
such as pest diagnosis, pesticide dosage,
nutrient disorder, or safety requirement
(Figure 1). The dialogue management module
connected user inputs to relevant templates in
the knowledge base and produced structured
responses across multiple steps.
2.4. System deployment and user interface
design

The system was deployed on Facebook
Messenger as recently described [8]. Features
included quick-reply buttons, image-based
symptom  descriptions, and  multi-step
guidance for pesticide preparation. Dialogue
flows followed a hierarchical structure with
options that allowed users to select symptoms,
choose crop stages, or request more detail
(Figure 2). The deployment process also
included the configuration of logging tools that
recorded user queries and  system
performance. These logs supported iterative
improvements during the testing process.

100% ©
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Figure 1. Dialogue pathway for pest diagnosis within the chatbot system
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Figure 2. Interface design and dialogue flow of the agricultural advisory chatbot developed in this study

2.5. Technical evaluation procedures
Technical performance was assessed during
a continuous 72-hour test period. Key metrics
included response time, intent recognition
accuracy, automation rate, and system
stability. Response time was measured as the
interval between user message input and
chatbot output. Intent accuracy was calculated
as the proportion of correctly classified user
gueries within a test set that included standard
Vietnamese text, regional terminology, and
queries without diacritics. Automation rate
was defined as the proportion of queries that
received a complete and correct response
without human oversight. The evaluation also
included a manual review of misclassified cases

. Tu van cdy trong & thusc BVTV

to identify error patterns.
2.6. Field testing with farmers

Field testing was conducted with 30 farmers
who represented a range of agricultural
production systems. Testing took place over
two weeks and generated 431 valid queries.
Farmers were instructed to use the chatbot for
common tasks such as pest identification,
pesticide mixing, nutrient management, and
safety guidance. After each interaction session,
participants recorded their evaluations on a
five-point Likert scale that measured clarity,
usability, usefulness, and overall satisfaction.
Additional qualitative feedback was collected
through follow-up discussions with the same
participants (Figure 3).

@ -

Tu vén cay trong & thudc BVTV

Ban mu6n minh hd trg gl hom nay. Tu
van cay trong

Sau bénh cay

Dinh dudng cho cay

Tu van thudc bao vé thic vat

Thuéc BVTV
Céch pha thusc

¢ @ 2@

-]

Figure 3. Example of chatbot interaction on Facebook Messenger during user testing

3. RESULTS AND DISCUSSION
3.1. System development and knowledge base
validation

The development process resulted in a fully
operational chatbot designed to provide

104

multidimensional advisory support for crop
protection, nutrient management, and
pesticide use in Vietnamese farming systems.
The system was constructed with a modular
architecture that incorporates a user interface
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layer, a Vietnamese NLP component, a
dialogue management module, and a
structured agricultural knowledge base.
Chatfuel served as the implementation
platform because its block-based dialogue
design, Application Programming Interface
integration capability, and compatibility with
Facebook Messenger aligned well with the
communication habits of Vietnamese farmers.
The use of predefined dialogue blocks ensured
consistent responses and simplified the
processing of common agricultural queries
related to pests, diseases, nutrient disorders,
and pesticide applications.

The knowledge base was organized into
thematic groups covering diagnostic features
of major pests and diseases, environmental
and biological factors influencing pathogen
development, integrated pest management
(IPM) strategies, indicators of nutrient
imbalance, pesticide active ingredients, dosage
recommendations, safety precautions, and
pre-harvest intervals. The resulting repository
comprised 150 standardized response
templates, 56 dialogue pathways, 108 pesticide
active ingredients, 87 crop diseases, 52 insect
pests, 13 nutrient disorder groups, and 40
mixing instructions adapted to commonly used
pesticide formulations.

Validation of the knowledge base was
carried out with the participation of plant
protection specialists working in provincial
Crop Production and Plant Protection Sub-
Departments. These experts reviewed the
scientific accuracy, clarity, and practical
relevance of each content category, with
particular  focus on pesticide-related
information and safety procedures. Their
evaluation confirmed that the knowledge base
aligned with national technical standards,
exhibited IPM principles, and avoided the
promotion of commercial pesticide products.
The expert assessment also highlighted the
accessibility of the content for farmers with
varying levels of agricultural experience.
Through this process, the knowledge base
achieved a high level of reliability and
suitability for integration into an Al-supported
advisory system for crop production in
Vietnam.

The development and validation of the

chatbot system demonstrate that an Al-
assisted advisory tool grounded in Vietnamese-
language NLP and a structured plant protection
knowledge base can effectively address the
long-standing challenge of inconsistent and
inaccessible  agricultural  guidance  for
smallholder farmers. The modular
architecture, supported by a block-based
dialogue design on Chatfuel, aligns with recent
findings that emphasize the importance of
predictable response structures for users with
limited digital literacy, as recently noted [9].
These development and validation results
indicate that combining Vietnamese NLP with a
specialist-validated knowledge base can deliver
standardized advisory content for farmer-
facing applications. The modular design also
provides a foundation for future extensions
such as region-specific knowledge updates and
image-supported diagnosis.

3.2. Technical performance and
functionality

The technical evaluation provided clear
guantitative evidence of stable and efficient
system performance. During a continuous 72-
hour test period, the chatbot operated without
any recorded interruption, error message, or
system restart. The average response time
reached 1.3 seconds for each query and
consistently remained below the target
threshold of 2 seconds. The intent recognition
accuracy reached 85 percent and showed the
highest performance in queries that used
complete Vietnamese diacritics and crop
protection terms familiar to extension officers.
The lowest accuracy appeared in queries that
contained missing accents or informal local
expressions.

Automation performance also reached a
level that exceeded the predefined
requirement. Out of all chatbot interactions in
the technical test set, 80 percent received
complete and correct responses without any
human intervention. This value was above the
minimum target of 75 percent. The remaining
20 percent required manual review and
belonged mainly to multi-symptom queries.
Examples included combinations such as
yellowing leaves with wilted stems, blackened
roots with poor grain filling in rice, or questions
that combined pest and nutrient issues in a

system
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single input message. These complex scenarios
reduced the system’s ability to match queries
to predefined templates.

The technical assessment identified several
recurrent error patterns that guide future
system refinement. Queries lacking diacritics
caused approximately 30 percent of the
misclassified cases within the 15 percent
intent-recognition error segment. Queries that
used local terminology accounted for another
25 percent of misclassification. Cases involving
rare diseases or overlapping symptoms
produced the remainder. Despite these
limitations, the system maintained consistent
dialogue flow across all evaluated scenarios,
and no contradictory instructions were
detected in sections related to pesticide
dosage, mixing procedures, or IPM guidance.
These quantitative results indicate that the
system can support real-time agricultural
advisory functions with a high level of stability,
a fast response rate, and an automation level
that meets practical field requirements.

The technical performance outcomes
indicate that the chatbot is capable of
supporting real-time advisory needs in crop
production, and they highlight several
strengths that align with findings from recent
research on Al-based agricultural systems. The
stable operation throughout the 72-hour test
period and the average response time of 1.3
seconds show that the system can function
reliably under continuous use, a characteristic
that earlier studies identified as essential for
farmer-facing  digital tools in  rural
environments with inconsistent connectivity
[10]. The intent-recognition accuracy of 85
percent matches performance ranges
confirmed by a previous report [11]. It has also
been noted that NLP models in agriculture
often face accuracy reductions when users
employ informal language or local dialects [12].
The error patterns observed in this study,
especially the effects of missing Vietnamese
diacritics and region-specific crop protection
terms, support those observations and suggest
that linguistic variation remains a major
challenge for NLP systems deployed in
multilingual agricultural landscapes. The
automation rate of 80 percent also aligns with
the expectations outlined in similar chatbot

applications, and it demonstrates that
knowledge-based design can handle a large
portion of routine queries without human
oversight. The remaining errors involved multi-
symptom descriptions  or  ambiguous
conditions, and these cases underline the
complexity of agricultural diagnosis when
farmers describe multiple issues in a single
message [13]. Overall, the technical evaluation
indicates that the system can support real-time
advisory tasks with stable operation, fast
response, and practical automation. The main
failure cases were associated with linguistic
variation (missing diacritics and regional terms)
and multi-symptom  descriptions, which
suggests that future work should focus on
more robust language modeling and adaptive
diagnostic strategies.

3.3. User testing and field evaluation with
farmers

Field testing with 30 farmers produced clear
evidence of the chatbot’s practical value in real
production settings. Over a two-week period,
the system processed 431 valid queries.
Questions related to pests and disease
symptoms accounted for 38 percent of all
interactions, questions related to pesticide
dilution and mixing accounted for 32 percent,
guestions related to nutrient disorders and
crop care accounted for 20 percent, and
guestions related to safety requirements and
pre-harvest intervals accounted for the
remaining 10 percent. The high frequency of
pesticide-mixing queries showed that farmers
often require precise operational guidance.
Figure 4 presents an example of the system’s
output for pesticide dosage, spraying
instructions, and safety notes and
demonstrates the level of detail required by
farmers during daily production activities.

User satisfaction results indicated positive
experiences across several aspects of the
system. The clarity of chatbot responses
reached an average score of 4.4 on a five-point
Likert scale. Usability reached 4.3, perceived
usefulness reached 4.2, and overall satisfaction
reached 4.3. Many participants described the
stepwise structure as easy to follow and noted
that the replies avoided conflicting information
that they often encounter from informal
sources. Disease-related queries produced the
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highest engagement. Figure 5 shows an
example of the diagnostic output for rice blast,
which includes image-based symptom cues and
buttons that allow users to request additional
explanations on disease expression and control
measures. The ability to view images and select
follow-up steps supported user comprehension,
especially for farmers who preferred guided
navigation rather than free-text queries.
Qualitative feedback revealed several
consistent themes. Many farmers described
the system as a reliable and convenient source
of technical information and stated that the
absence of commercial pesticide names
increased  their  confidence in the
recommendations [14]. Users also reported

. Tu van cay trong & thudc BVTV

that the structured buttons and predefined
options reduced the risk of entering incorrect
information. The primary limitations involved
situations where farmers described multiple
overlapping symptoms in one query or asked
questions that required region-specific
interpretation [15]. These cases reduced the
system’s ability to provide a single definitive
response. However, farmers indicated that the
follow-up questions generated by the chatbot
made it easier to refine their inputs. Our results
showed that the system can address common
information gaps in plant protection and that it
offers a practical and accessible tool for
farmers who require immediate and consistent
technical guidance.

<» -
. 4
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Figure 4. Example of chatbot output for pesticide dosage, application method, and safety instructions
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Figure 5. Detailed disease description and follow-up options generated
by the chatbot during rice blast diagnosis
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4. CONCLUSIONS

This study developed and evaluated an Al-
supported chatbot designed to provide reliable
guidance on pest diagnosis, nutrient
management, and pesticide use within
Vietnamese crop production systems. The
system integrated Vietnamese natural language
processing with a structured and expert-
validated plant protection knowledge base.
Technical evaluation showed that the chatbot
reached an average response time of 1.3
seconds, an intent-recognition accuracy of 85
percent, and an automation rate of 80 percent,
which demonstrates that the system can handle
a large portion of routine agricultural queries
with consistent performance. Field testing with
30 farmers and 431 queries confirmed that the
chatbot addresses key information needs,
particularly in pest identification and pesticide
preparation, and that users report high levels of
clarity, usability, and overall satisfaction.

The findings indicated that the chatbot can
serve as a practical and accessible digital
extension tool that supports farmers who
require rapid and standardized technical
information. The system also reduces reliance
on informal sources that often provide
conflicting or inaccurate guidance. Several
limitations remain, particularly the difficulty of
interpreting  multi-symptom  descriptions,
region-specific terminology, and ambiguous
input messages. These constraints point to
areas where future development can focus on
expanded symptom databases, more advanced
language models, and image-based diagnostic
tools. The study contributes a scalable
framework for Al-assisted crop protection
services in Vietnam and provides a foundation
for the integration of more advanced
capabilities that support sustainable and
knowledge-based agricultural practices.
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