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Abstract—Global rice production surpasses half a billion
tons, with Asia at the forefront. However, the Philippines
continues to be a significant importer, representing six
percent of global imports. The country faces considerable
obstacles in domestic rice production, such as the necessity
for cost-effective labor, consistent rainfall, efficient land
management, irrigation infrastructure, and appropriate soil
conditions. Insufficient government support intensifies these
issues. To improve crop production and reduce dependence
on imports, modern agricultural methods, such as smart
farming technologies, are crucial. In light of these challenges,
this research emphasized the vibrant role of rice farmers in
the Philippines’ economy. The study employed data from
rice farmers registered in the “Ani at Kita: Registry System
for Basic Sectors in Agriculture (RSBSA).” The
Classification and Regression Trees (CART) algorithm was
utilized to autonomously select qualifying farmers for
incentives in each barangay. Every farmer was regarded as
a distinct data point, characterized by attributes including
registration status, revenue source, farming activities,
household size, and involvement in beneficiary programs.
The algorithm employed a hierarchical framework to
classify farmers into smaller groups according to dynamic
variables such as Gini impurity or entropy, finally ranking
them in leaf nodes. Web-based technology was likewise
employed in to the application solution to facilitate data
interchange between barangays and local government
bodies. The system garnered favorable feedback, achieving
an average rating of 4.59 out of 5, signifying strong
endorsement from respondents.
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. INTRODUCTION

In the 2019-2020 marketing year, the worldwide
production of milled rice amounted to almost 500 million
tons. Asia, specifically China and Southeast Asia, played
a substantial role in both the production and consumption
of rice. China was the leading producer, accounting for
30% of the total, with India, Bangladesh, Indonesia,
Vietnam, and Thailand following suit [1]. The Philippines
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was noted as a significant importer, responsible for 6% of
global imports.

The insufficient domestic rice production in the
Philippines, as indicated by its significant imports,
emphasized the necessity to improve local agriculture to
satisfy the increasing demands of the growing population.
Rice cultivation, ideally suited for places with cheap
labor costs and abundant rainfall, necessitates meticulous
field management, efficient irrigation, and favorable soil
conditions to achieve maximum yields [2]. Although rice
farmers play a vital part in the country’s economy, they
have difficulties because of insufficient government
assistance [3].

To tackle these issues, the study underscored the
significance of embracing contemporary agricultural
methods, such as the utilization of intelligent farming
technologies. The utilization of data mining principles
from the datasets obtained from the accomplished
RSBSA facilitated well-informed decision-making and
policy formation in this context [4]. The study conducted
a pilot test in the Local Government Unit (LGU) of San
Andres, Catanduanes, utilizing the Decision Tree
Classifier technique to determine eligible beneficiaries
for government assistance in the field of rice growing.

The research presents a new use of the Classification
and Regression Trees (CART) algorithm in the
agricultural domain through the promotion of sustainable
and data-driven methods for cultivating rice. This manner
allowed for well-informed decision-making, which in
turn improved government support that boosted rice
production in the area, and guaranteed food security.
Furthermore, its technical contributions were as follows:
(a) a thorough process of compiling, evaluating, and
interpreting the results of the CART algorithm to choose
the worthiest rice farmer to receive government funding;
and (b) the creation of an easy-to-use user interface that
can be used by staff members of local government units
with varying degrees of technical proficiency. Together,
these contributions enhanced the field of agricultural
informatics and demonstrated how machine learning
algorithms, such as CART, may transform the data
management of rice farmers and greatly increased
agricultural output in the locale. Similarly, the
implementation of the automated system by the local
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government was a vital measure in acknowledging the
significance of rice farmers in driving the island’s
economic development. This attempt significantly
enhanced the welfare of farmers and effectively
diminished the country’s dependence on rice imports.

Il. LITERATURE REVIEW

Several articles had contributed to the inception,
design and development of this study. They are as
follows:

Ojo and Lloyd’s research [5] on smallholder rice
farmers in South-West Nigeria found that their climate
change adaptation strategies are influenced by socio-
economic factors, institutional factors, and locational
variables. Implementing these methods increased net
farm income, especially for farmers affected by droughts
and floods. They recommend financial innovations in
climate change education and capacity-building.

In a similar vein, a study on sustainable rice cultivation
in six irrigated regions of Vietnam, Thailand, Indonesia,
Myanmar, Sri Lanka, and China [6] revealed significant
differences in crop productivity and financial rewards
between successful and average-performing smallholder
systems. The research suggested reducing greenhouse gas
emissions without sacrificing crop output can be achieved
through improved fertilizer and pesticide management
and irrigation system optimization.

Vietnamese rice farmers are utilizing Smart Farming
Technique. They have adopted the Alternate Wetting and
Drying (AWD) method, to reduce water usage and
greenhouse gas emissions while maintaining rice yields,
and using sensors for irrigation [7].

The paper by Obit, Chin Haviluddin, and Lim [8]
emphasizes the importance of integrating technologies
like Big Data, Machine Learning, and Internet of Things
(1oT) in smart farming, particularly in rice production, to
transform traditional methods of rice farming into a new
understanding of intelligence in rice precision agriculture.

Likewise, Paul and Santos’ study utilized data science
to improve agricultural productivity in the Philippines by
utilizing a web-based tool that monitored farming
activities, expenses, and weather data enabling informed
decision-making. The system improved crop productivity,
especially in remote regions, and boosted the nation’s
economy [9].

Moreover, an ensemble-based machine learning model
that can combine two or more models with the CART
could also be used in order to enhance the quality and
novelty approach to rice cultivation [10].

The study reviewed explored sustainability, climate
change adaptability, and technical innovations in rice
cultivation, considering factors like geography, ecology,
institutions, and socioeconomic conditions. They
suggested 10T, data mining, machine learning, and AWD
approach for improved crop production. Nevertheless,
obstacles like infrastructure, budgetary limitations,
education, training, and legislative support hinder
extensive adoption.

CART algorithms, although potentially subjective, can
generate flexible models for agricultural management and
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decision-making when integrated with precision farming.
This study’s application of CART enhanced data analysis
and yielded practical recommendations for local
government  entities,  underscoring  technology’s
significance in enhancing rice farming techniques.

I1l. RESEARCH METHOD

This study utilized system development, survey
research, and documentary analysis to examine evidence
on rice farmers, farms, and production in the area. The
Rapid Application Development (RAD) methodology
was used for system development, while the
Classification and Regression Trees (CART) Algorithm
was used to prioritize farmers receiving government
assistance.

A. System Architecture of the Study

Fig. 1 shows the project’s System Architecture that
includes a computer unit, user interface, Decision Tree
Classification framework, and system users. This project
gathered data from the Barangay Secretary, Municipal
Agricultural Officer, and Provincial Agricultural Officer
using web-based techniques. The system has three (3)
user tiers: Barangay Secretary manages farmer
registration data, the Municipal Agriculture Officer
verifies it, and the Provincial Agriculture Officer
supervises user accounts. The Model-View-Controller
(MVC) [11, 12] architecture was likewise used, with the
model layer managing data logic, the view layer
displaying data, and the controller handling user input
and interaction [13].
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Fig. 1. System architecture of the study.

B. System Development Method

The system development of this study involves seven
stages (Fig. 2) which was adopted from Rapid
Application Development (RAD) methodology [14]
which is recommended for projects with limited
timeframes and immediate user feedback. These stages
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were: gathering and updating data on rice farmers,
developing and improving the system, integrating the
CART algorithm, implementing the system, providing
user training, and evaluating the program.
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Fig. 2. System development method of the study.

C. CART Model Construction and Evaluation

The CART technique (Fig. 3) was used to create a
decision-making model for farmers to determine their
eligibility for financial aid. This non-parametric,
hierarchical algorithm, used in supervised learning for
classification and regression tasks, follows a tree-like
pattern with root nodes, branches, internal nodes, and leaf
nodes [15].
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Fig. 3. CART technique.

The algorithm analyzed a five-year dataset from 2019
to 2023 of rice farmers in Barangay Manambrag, the
barangay with the highest number of rice farmers in San
Andres, Catanduanes, to predict their eligibility based on
socio-economic and agricultural factors such as annual
income, livelihood source, disability status, government
assistance programs, farmer association affiliation,
agrarian aid receipt, and household member count.

The dataset had 1019 entries of rice farmers, each
encompassing seven variables listed in Table 1. Prior to
data analysis, data pre-processing measures were
implemented to address missing values and homogenize
the input variables. A total of 33 entries were eliminated
owing to insufficient information, and the remaining data
was standardized to improve model performance.
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The CART method was chosen for its ability to handle
classification and regression problems, making it suitable
for forecasting a farmer’s eligibility for government
support (a classification task), by constructing decision
trees by recursively partitioning the dataset based on
significant variables.

TABLE I. DATASET FEATURES

Item CART Variables
Variables  Variable Type Description
. . This refers to the head of the
1 annual_income  continuous L :
family’s annual income
T . This indicates the head of the
2 main_livelihood categorical A .
family’s primary occupation
This indicates whether the
3 Is_pwd continuous farmer is a person with a
disability (1 if yes, 0 if no)
This indicates whether the
. . farmer is a member of an
4 is_four_ps continuous A - .
existing assistance grant (1 if
yes, 0 if no)
This indicates whether the
. . farmer is a member of an
5 s _org_member binary agricultural association or
organization (1 if yes, 0 if no)
. . This indicates whether the
6 |s_ag;iacri|::1_ben continuous farmer is a recipient of
Y agrarian aid (1 if yes, 0 if no);
This indicates whether or not
. - . a farmer should receive
7 is_priority binary

preference for help and
subsidies (1 if yes, 0 if no)

The model uses API data to compute a priority score
for assistance and trains a Decision Tree Classifier, a
supervised learning algorithm, to classify targets and
predict aid priorities. The model then uses these forecasts
to prioritize individuals based on their likelihood of
needing assistance, as shown in Table II.

TABLE Il. PRIORITY SCORE CALCULATION

CART Variables and Priority Calculation

Item Variables Priority Calculation Method
1 annual income The lower the income, the higher the priority
- score (max +3 for income <5000 pesos).
2 Is_pwd Adds +2 to the score if the person is disabled
Subtracts 1 if they are part of the government
3 is_four_ps aid program (assumes lower priority due to
existing aid).
4 is_org_member Adds 1 if they are part of an organization.
. . Subtracts 1 for agrarian beneficiaries
is_agrarian_ben . L
5 eficiary (assuming they are already receiving
benefits).
If the final score is 3 or more, the person is
6 Threshold given a priority_for_aid of 1 (high priority);

otherwise, it’s 0 (low priority).

To facilitate effective model construction, the dataset
was partitioned into a training set containing 70% of the
data and a testing set encompassing 30% of the data. This
division resulted in 691 records designated for training
the CART model and 295 records assigned for evaluating
its performance. The 70-30 split provided a balanced
approach, allowing the model to incorporate a substantial
volume of data while maintaining enough samples to
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evaluate its generalizability. In the training and testing
division, the following notations were utilized: (a) X
denotes the feature matrix (input data) excluding Name
and Priority for Aid; (b) Y signifies the target variable
(Priority for Aid), which the model aims to predict; (c)
train_test_split() facilitates the partitioning of the data
into training (70%) and testing (30%) sets. The
random_state = 42 guarantees reproducibility.

TABLE Ill. CART TECHNIQUE NOTATIONS

Metrics used for CART Technique

Item Parameter Best Value
1 Criterion “gini”
2 Max Depth 5
3 Min Samples Split 2
4 Min Samples Leaf 1
5 Max Features None
6 Class Weight “balanced”

The parameters used for the CART technique is shown
on Table IlI. The Gini impurity is used for the “Criterion”
parameter due to its efficiency, as it requires fewer
processing resources compared to entropy while
achieving  comparable  performance in  binary
classification tasks. To mitigate overfitting, particularly
with a dataset of modest size, a value of 5 is chosen for
the “Max Depth” parameter. This choice strikes a balance
between training complexity and generalization. The
“Min Samples Split” parameter determines that a node
will only be divided if there are a minimum of two
samples, enabling the model to capture more intricate
patterns in the data. The “Min Samples Leaf” parameter
is set to have a minimum of one sample per leaf node.
This, along with the max depth, guarantees that the tree is
not excessively intricate. When the “Max Features”
parameter is set to “None”, it means that the model will
consider all available information at each split. Finally,
the “Class Weight” parameter uses the value “balanced”
to prioritize the minority class, which is crucial when
there is an imbalance, such as having a larger number of
“non-priority farmers.”

The decision tree method was used to categorize
farmers based on their dynamic properties, with each
ranked according to its importance. This method, which
uses factors like Gini impurity or entropy [16],
automatically selects the most deserving farmers for
incentives, enhancing  efficiency and  ensuring
transparency and interpretability in the decision-making
process in the Local Government Unit (LGU).

Following training, the decision tree model was
evaluated on a testing set including 986 records to
determine its correctness and efficacy. The model
attained an accuracy of 90%, indicating that it accurately
predicted the eligibility of farmers in most instances.
Furthermore, precision and recall were computed,
yielding values of 91 and 91, respectively, signifying a
balanced capacity to identify eligible farmers (recall)
while reducing the misclassification of ineligible farmers
as eligible (precision).
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IVV. RESULT AND DISCUSSION

A. Development of the CART-Enabled Rice Farmer
Registry Application and Management System

The phases of system development in this study
included design, development, and employment of the
CART Algorithm, implementation, user training and user
evaluation of the system. The figures below are the
screenshots of the developed system.

The dashboard [17] (Fig. 4) served as a centralized
interface that displays visual data on rice farmers, fields,
farmer’s enrollment in the RSBSA, and beneficiaries in
each barangay. It provides a concise overview of
information. Fig. 5 depicts the manner of collecting data
from farmers, in accordance with the RSBSA. Collection
of data was made by the Barangay Secretary.

Farmer Livelihood Activities Farm Crops

Root Crops %

. Rice %

Fig. 4. Rice farmer application and management system dashboard.
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Region Province City/Municipality Barangay
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Fig. 5. Adding new farmer.

Applications For Approval

Q

Status Ref. No. Last Name First Name Region Province Munici

REGION
05-20 ER0

08-002-
000103

SAN
ANDRE
(CALO

JAMINAL MARCELO Catanduanes

(BICOL
REGION)

REGION
v
(8icoL
REGION)

SAN
ANDRE
(CALO

SAMUDIO NORA Catanduanes

REGION
v
(BICOL

05-20
08-002
00003

SAN
ANDRE
(CAID

REYES CRESENCIA Catanduanes

Fig. 6. Notification to the MAO relative to rice farmer registry
enrolment.
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Once captured by the system, a notification would be
given to the MAO for approval of the farmer’s
application. The status of the application could be
pending approval (green), revoked (yellow) and denied
(red). This is shown in Fig. 6. The outcome of the process
of selection and prioritization of rice farmers to receive
grant is shown in Fig. 7. From the figure, parameters
were set to determine the most qualified farmer to receive
government support per barangay. They were ranked
according to the parameter set and the most qualified
farmers were in the topmost ranking list.

Parameter Settings

Type of Program/Assistance
Financial
Municipality
SAN ANDRES (CALOLBON)
Barangay

Manambrag

Fig. 7. CART parameter setting.

Figs. 8 and 9 shows the list of qualified farmers to
receive the grant.

Results: Manambrag, SAN ANDRES (CALOLBON)
Rank # Name Main Livelihood Annual Income Is PWD Is 4Ps Member
JANICE
. 715.00
1 VILLEGAS Farmer 671500 [ Faise ] Faise |
2 ELMER TABIOS Farmer 5961.00 [ Faise [ Faise |
LERIE )
3 VILLEGAS Farmer 6,867.00 [ Foie Foise |
LEONOR
4 EBIOLA Farmer 5,760.00 [ Foie ] Foise|
GOMERSINDO
ViLiEeAs Farmer 7,854.00 Faise|
DANIEL DELOS — —

Fig. 8. List of qualified rice farmer to receive a financial grant.

Results: Manambrag, SAN ANDRES (CALOLBON)
1Ps Member Is Org. Member Is Agrarian Beneficiary Priority Probability Predicted Priority
Fase @ @ 0
@ @ 0 0
[ Faise | True False
@ @ 0
(-]

Fig. 9. List of qualified rice farmer to receive a financial grant.

B. Software Quality Evaluation

Eight staff from the Local Government Unit (LGU)
and ten academic members from Catanduanes State
University in this country conducted a practical hands-on
evaluation of the system to assess its functionality.
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Afterwards, the survey instrument was employed, which
incorporated the software testing standards and ISO/IEC
25010 factors. These parameters encompass functional
suitability,  performance efficiency, compatibility,
dependability, usability, security, maintainability, and
portability. The survey questionnaire employed a five-
point Likert Scale to evaluate each benchmark statement.
The result of the evaluation of the system is depicted in
Fig. 10. The system received an “Excellent” rating with a
grand mean of 4.59, indicating significant benefits for the
LGU community. The highest rating was for
“Performance Efficiency,” indicating rapid and effective
system functionality. However, the lowest ranking was
for “Portability,” suggesting developers prioritize it over
end-users. Overall, the system received high ratings in the
rest of the parameters.

Software Evaluation

PORTABILTY
MAINTAINABILITY
SECURITY

COMPATIBILITY
PERFORMANCE EFFICIENCY
USABILITY

RELIABILITY

FUNCTIONAL SUITABILITY

4.40 445 4.50 4.55 4.60

Fig. 10. Software quality evaluation.

V. CONCLUSION

The Rice Farmer Registry Application and
Management System employed the Classification and
Regression Tree (CART) methodology to create a
decision-making model for evaluating farmers’ eligibility
for financial aid using rice farmer data collected from
2019 to 2023. The strategy effectively categorized and
prioritized aid beneficiaries by analyzing socio-economic
and agricultural characteristics, such as income,
livelihood, and governmental support. The model, trained
and assessed using a 70-30 data split, included
parameters including Gini impurity, maximum depth, and
minimum samples split to improve its performance and
reduce overfitting. The results, evaluated by accuracy,
precision, and recall criteria, confirmed the system’s
effectiveness in identifying and selecting competent
farmers.

The system developed in this study significantly
improves the efficiency of Local Government Units
(LGUs) in agricultural support. With the use of
International Organization for Standardization (1SO) and
the International Electro-Technical Commission (IEC),
25010 software metrics, the system received an
“Excellent” grade from technical experts and users with a
mean score of 4.59, notably optimizing aid distribution to
rice farmers. This sets a new standard for technological
progress in the industry. The study represents a
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significant step in agricultural modernization, particularly
in developing nations, providing valuable insights for
farmers, policymakers, and stakeholders. Continuous
enhancement and improved cooperation between local
and provincial bodies are crucial for maximizing the
system’s effectiveness. The initiative also enhances local
agricultural  practices and promotes sustainable
development in rural communities.
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