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Introduction

Abstract: This article analyzes the use of data mining with Naive Bayes and
K-Nearest Neighbor (KNN) algorithms to build classification models and
evaluate their performance in identifying fishermen eligible for aid. The
study aims to compare the effectiveness of these algorithms in handling
imbalanced datasets using the Synthetic Minority Over-sampling Technique
(SMOTE). The research applies SMOTE to improve the balance of the dataset
before classification. Without SMOTE, Naive Bayes achieved an accuracy of
97.01%, precision of 94.16%, recall of 96.67 %, and F1-score of 95.39%. KNN,
on the other hand, reached an accuracy of 94.04%, precision of 94.53%, recall
of 86.00%, and F1-score of 90.06%. After applying SMOTE, both algorithms
improved: Naive Bayes attained an accuracy of 98.33%, precision of 96.86%,
recall of 100.00%, and F1-score of 98.49%, while KNN reached an accuracy
of 96.90%, precision of 97.72%, recall of 96.19%, and F1-score of 96.94%. The
results show that Naive Bayes, with SMOTE, outperforms KNN in
managing data imbalance and accurately classifying eligible fishermen for
aid.

Keywords: Classification; Fl-score; Inbalance Datset; K-Nearst Neighbor;

Naive Bayes; SMOTE

number of nets can be an indication of fishermen's
productivity (Syukur et al., 2018). This is because the

Currently, advances in information technology
have developed rapidly, bringing new challenges and
opportunities for various sectors, including the marine
and fisheries sector. In the midst of the dynamics of the
need for fast and precise decision making, it is important
to have a system that is able to predict the feasibility of
providing assistance to fishermen with high accuracy
(Putri et al., 2021). Fishing communities are groups of
people who live in coastal areas and their lives depend
on natural resources in the sea, such as fish, shrimp,
seaweed, shellfish, coral, and various other marine
wealth (Fauziah et al., 2024; Hutajulu, 2023).

The number of fishing gears owned by a fisherman
such as the number of boats, number of motorized
canoes, number of canoes, number of fishing rods, and

How to Cite:

fishing gear can provide an idea of productivity,
economic capability and access to resources. A
fisherman who owns a lot of fishing gear tends to have
a bigger catch (Parenrengi et al., 2020). In the context of
this research, reviewing the effectiveness of Naive Bayes
and K-Nearest Neighbor algorithms in processing data
to support government decision-making becomes
increasingly relevant. Testing the effectiveness of these
two algorithms allows us to evaluate the extent to which
these two algorithms can work according to the data
owned. Testing the effectiveness of the Naive Bayes and
KNN algorithms in determining the eligibility of
fishermen assistance is important because the different
characteristics and assumptions of each algorithm can
affect the prediction results. Naive Bayes assumes
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independence between features, while KNN uses
distance measurements to determine data classes
(Tejawati et al., 2023). Testing the effectiveness of such
algorithms helps in comparing their performance in the
context of providing fishermen assistance, thus ensuring
the selection of the right algorithm to support accurate
and reliable decisions.

In this research, Naive Bayes and KNN algorithms
will be used to analyze the eligibility of providing
relevant fishermen assistance. Classification is a method
of data mining that predicts label variables based on
criteria variables (Nasution et al., 2023). Naive Bayes is a
classification algorithm, which is a probabilistic machine
learning technique based on Bayes Theorem, which is
predicted for independent speculation (Sano et al., 2023).
Naive Bayes uses probability theory to classify data
(Shang, 2024). Naive Bayes helps develop models that
provide predictive capabilities, providing a new way to
understand data (Libnao et al., 2023).

The second algorithm to be used in this research is
the K-Nearest Neighbor algorithm. This algorithm
classifies objects by referring to the training data that is
closest to the object (Martin et al., 2023). The KNN
algorithm is a classification method for a set of data that
is based on learning from previously classified data (Lin,
2024). KNN is a Supervised Learning algorithm, where
the results of new query instances are classified based on
the majority of proximity distances from the existing
categories in KNN (Hasdyna & Dinata, 2020).

Several classification methods have been applied in
determining aid provision such as Random Forest,
Support Vector Machine, Decision Tree, and Neural
Network methods have drawbacks. For example,
Random Forest tends to require longer computation
time due to the construction of many decision trees,
while SVM can be sensitive to data scale and requires
careful parameter tuning. Decision Tree is prone to
overfitting, and Neural Network requires a large
amount of data (Kurniadi & Larasati, 2022). In research
conducted by Azhari (2021), using a dataset of 200 using
classification algorithms such as Random Forest,
Decision Tree, SVM and Naive Bayes, in his research
Random Forest and Decisom Tree have the least
accuracy because they require longer computing time
due to the construction of many decision trees and the
low level of accuracy of assessment on small data.

In the context of providing aid to fishermen, most
current approaches still rely on manual methods, which
are time-consuming and prone to errors. Computational
methods, such as classification algorithms, have been
applied, but existing studies typically focus on a single
algorithm or use computationally intensive algorithms,
such as Random Forest and Neural Networks, which are
less efficient for small to medium-sized datasets. The
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effectiveness of Naive Bayes and KNN algorithms can be
an alternative due to their efficient nature in handling
small to medium data (Syefudin et al., 2023). They also
tend to be more resistant to noise and outliers in the
dataset (Yacoub et al., 2024). In the context of eligibility
for fishermen assistance with a dataset of 302, the
advantages of these two algorithms can work well on
small and medium data scales (Kenia et al., 2023). The
dataset in this study includes a dataset with an
unbalanced distribution of classes in the data, to
overcome the unbalanced dataset, overfiting and reduce
bias towards majority data, in this case it will use the
Synthetic Minority Over-sampling Technique (SMOTE)
method. The main function of the SMOTE method is to
increase the number of samples from the minority class
by generating new synthetic samples, thus achieving
balance with the majority class (Hunafa & Hermawan,
2023).

This research offers a novel approach by utilizing
both Naive Bayes and K-Nearest Neighbor (KNN)
algorithms, which are more efficient for handling small
to medium-sized datasets. These two algorithms are
rarely used together in the context of fishermen's aid
classification. Additionally, this study employs SMOTE
(Synthetic Minority Over-sampling Technique) to
address data imbalance issues, a method seldom applied
in similar studies within the maritime sector. The
combination of Naive Bayes, KNN, and SMOTE for
classifying the eligibility of fishermen for aid is an
innovative approach, aimed at improving both accuracy
and efficiency in decision-making processes (Danitasari
et al., 2024).

This research is important because it can help
ensure that the distribution of aid to fishermen is more
targeted and efficient. By utilizing the Naive Bayes and
K-Nearest Neighbor (KNN) algorithms, along with the
SMOTE technique to address data imbalance, this study
supports faster and more accurate decision-making. The
results of this research are expected to improve the
welfare of fishermen and encourage the use of
technology in the fisheries sector.

This research focuses on analyzing the eligibility of
providing fishermen assistance using Naive Bayes and
KNN algorithms supported by using the SMOTE
method. This research will build a model, evaluate and
compare the effectiveness of the two algorithms in
classifying the eligibility of providing fishermen
assistance.

Method

Literature review
The literature review in this study will involve an
extensive exploration of three main areas. First, this
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review requires an understanding of Naive Bayes and
KNN algorithms, including their working principles,
advantages, disadvantages, and variations. Second, in
the context of analyzing the eligibility for fishermen’s
aid, the literature review covers methodologies and
frameworks for evaluating aid eligibility, as well as
factors influencing its success. Lastly, this review seeks
literature discussing Naive Bayes and KNN algorithms,
including case studies and applied research that
highlight the strengths and limitations of these
algorithms in practical contexts.

Data collection

Data collection for the eligibility assessment of aid
to fishermen for this research involves gathering
information from residents of Ketapang Raya Village,
Keruak District, East Lombok Regency, who work as
fishermen. This is achieved through direct visits to the
village government for conducting surveys,
observations, and interviews. The collected data will
ensure accuracy, completeness, and relevance.

The data sources in this research consist of two
types. First, primary data is obtained through data
collection activities focused on the characteristics and
profiles of individual fishermen. Second, secondary data
is utilized from previous studies, particularly those that
provide insights into the models used to analyze the
eligibility for aid for fishermen. This secondary data
includes data mining, classification, Naive Bayes
methods, K-Nearest Neighbor, and other relevant
literature (Putro et al., 2020).

Preprocessing

In the preprocessing stage, data cleaning will be
conducted to remove or correct inaccurate, irrelevant, or
incomplete data entries (Lubis et al., 2024). This includes
tasks such as eliminating duplicates, correcting typing
errors, or normalizing formats. Additionally,
unnecessary attributes will be removed to avoid
potential impacts on classification analysis results. The
data cleaning process will utilize the Replace Missing
Values operator in Rapid Miner to ensure clean data
output. By cleaning the data, we aim to minimize errors,
biases, and anomalies that could affect the final analysis
outcomes (Wang et al., 2024).

Data training and testing split

The process of dividing data into training and
testing sets is a crucial stage in machine learning model
development. The training data will be used to train the
classification model, while the testing data will be used
to evaluate the performance of the trained model. The
data will be split into training and testing sets with a
ratio of 80% and 20%. This data splitting process will
utilize the Split Data operator available in Rapid Miner.
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It is important to perform this data splitting process to
ensure that the developed model can generalize well. By
using independent testing data, we can objectively
measure the model’s performance and determine
whether it has good classification and prediction
capabilities or not (Prasetyo et al., 2024).

Building Naive Bayes and KNN Models

Naive Bayes.

Naive Bayes is a classification algorithm that has a
simple algorithm structure and high computational
efficiency (Chen et al., 2021). This algorithm is a simple
form of Bayesian Network, in which all independent
attributes are assigned variable class values (Farhana,
2021). Naive Bayes algorithm has advantages such as
simplicity, speed, and high accuracy (Imanuddin et al.,
2023). In short, the Naive Bayes algorithm is a data
calcification algorithm that predicts all the probabilities
of each class member (Ridwan, 2020). The following
equation can be seen in equation (1):

P(H | X)P(H
P(H | X) = "0 M
Explanation:
X : Data with unknown classes
H : Hypothesis that X is a certain class
P(H|X) :The probability of hypothesis H given
condition x (posteriori prob.)

P(H) : The probability of hypothesis H (prior
prob.)

P(X|H) : The probability of X given that condition

P(X) : The probability of X

K-Nearest Neighbor (KNN)

The K-Nearest Neighbor algorithm is a method for
object classification based on the training data closest to
the object (Raysyah et al, 2021). This distance is
calculated based on the proximity between the input
data and the data in the group, using the values of a
number of existing features (Argina, 2020). The distance
or measure of dissimilarity can be calculated using the
euclidean distance (Rahmahwati & Kirana, 2023). The
following equation used is shown in equation 2
(Kurniawan & Barokah, 2020).

n

DU X) = Y (11— X2)2 @
@)
Explanation:

D : nearest distance

X1 : Sample data or training data

X2 : Test data

n : Number of attributes for each case
I :Individual attributes from 1 to n
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Synthetic Minority Over-sampling Technique (SMOTE)

Synthetic Minority Over-sampling Technique
(SMOTE) is a method to balance different classes by
using oversampling (Bunkhumpornpat et al.,, 2024).
SMOTE doubles the data in the minority class to balance
it with the data in the majority class (Sholihah &
Hermawan, 2023). Class imbalance occurs when one
class has far more instances than another, which can
cause machine learning models to be biased towards the
majority class (Prianata, 2024). This technique produces
synthetic or artificial data based on measuring the
closeness of numerical data using euclidean distance,
while for categorical data using mode values (Iskandar
& Nataliani, 2021).

Xsyn =X; + KXynn — X)) x 6 3)

Model evaluation

This research uses a fold-cross evaluation validation
of 10. Furthermore, Confusion Matrix can provide an
overview of how well the model can distinguish
between positive and negative classes sebenarnya
(Normawati & Prayogi, 2021). From Confusion Matrix,
we can calculate other matrices such as accuracy,
presicion, and recall. The following is the equation used
(Liu, et al., 2024)

TP+TN
— 0,
Accuracy = ———————x 100% 4)
Presicion = ———x 100% (5)
TP+FP
Recall = ———x 100% (6)
TP+FN
__ o presisixrecall
Fneasure = presisi+recallx 100% @)

Classification model selection

Classification is the task of assessing data objects to
place them into specific classes from a set of available
classes (Hunafa & Hermawan, 2023). Classification
model selection is a critical stage in machine learning
model development aimed at choosing the most suitable
and optimal model to address the problem at hand.
Based on the evaluation results, the Naive Bayes and
KNN classification models will be compared to
determine the most effective model for classifying the
eligibility for fishermen assistance. The model that
performs better in predicting correct classes and exhibits
higher evaluation matrix values will be chosen.

Results and discussion

This section presents the findings and discussion of
the effectiveness of Naive Bayes and KNN algorithms
for assessing the eligibility of fishermen for assistance

October 2024, Volume 10, Issue 10, 7652-7664

programs, comparing which algorithm is more effective
in classification. The analysis involves evaluating the
results obtained from previous model evaluations.
These results are then discussed in-depth to assess the
performance of both classification algorithms in the
context of analyzing the eligibility for fishermen
assistance. The discussion compares the performance of
Naive Bayes and KNN without SMOTE and with
SMOTE, based on the predefined Confusion Matrix
metrics such as accuracy, precision, recall, and F1-score.
Furthermore, the results and discussion include an
analysis of the strengths and weaknesses of each
algorithm, as well as the potential application of these
algorithms in broader contexts of providing assistance to
fishermen. This comprehensive analysis aims to provide
insights into how Naive Bayes and KNN algorithms can
be effectively utilized in determining eligibility for
fishermen assistance programs, considering both their
performance metrics and practical implications.

Literature Review

l

Data Collection

l

Data Preprocessing

l

Data Sharing

!
{ !

Data Training 80%

Data Testing 20%

[ I

y ¥
KNN

Naive Bayes

! 3
!

Model Evaluation

!

Classification Model
Selection

!

Results and
Discussion

Figure 1. Research Procedures
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Result and Discussion

Modeling
Dataset

The dataset utilized comprises fisherman data with
attributes such as membership number, name, hamlet,
number of boats, number of motorized boats, number of
non-motorized boats, number of fishing rods, number of
nets, and eligibility status as the label. Each of these
attributes provides significant information to determine
the eligibility of fishermen for receiving assistance. The
dataset used in this study includes 302 entries.

Ro.. NOANGGOTA ~ NAMA DUSUN KAPAL SAMPANM..  SAMPAN PANCING JARING KETERANGAN
1 AIB1C52032.  ASENAM PELEBE 0 0 1 10 0 LAYAK
2 A1BACH2032.. ABDAZIZALL. LUNGKAKS.. 0 0 1 0 0 LAYAK
3 A9JBOC52032.. ABD RAHMAN  LUNGKAKTI, 0 1 0 18 0 LAYAK
4 ABB1C52032. ABDULHAFIF  KEDOME 0 0 0 12 0 LAYAK
5 A3BOC52032. ABDULJABAR  LUNGKAKU. 0 0 1 10 0 LAYAK
6 A2B1C52032.. ABDULJALA..  MERINGKIK 0 1 0 15 0 LAYAK
7 A4BOC52032.. ABDULKARIM  LUNGKAKTI, 0 0 0 0 0 LAYAK
8 A1B1C52032.  ABDULMANAF  PELEBE 0 1 1 30 60 TIDAK LAYAK
9 A1B1C52032.. ABDULMUJIB  LUNGKAKU. 0 0 1 0 0 LAYAK
10 ABOC52032.  ABDULRAH LUNGKAK 0 2 1 K2} 80 TIDAK LAYAK
" A1B1C52032.. ABDULRASY.. PELEBE 0 1 1 50 70 TIDAK LAYAK
12 A1BOC52032.  ABDUL SAMAK  LUNGKAK 0 1 1 15 0 LAYAK
13 A1B1C52032..  ABDULLAH PELEBE 0 0 0 5 0 LAYAK
14 A9B1C52032..  ABDULLAH LUNGKAKTI 0 1 1 0 70 TIDAK LAYAK
1 ABB1C52032.. ABDURRAHIM = TELAGABAG.. 0 0 0 0 0 LAYAK

ExampleSet (302 examples,0 special afiributes 9 regular atiributes)

Figure 2. Dataset to Be Used

210

100 92

Count(KETERANGAN)

LAYAK TIDAK LAYAK
KETERANGAN

Count(KETERANGAN)

Figure 3. Data distribution based on labels

Based on the data distribution in Figure 3, there are
210 individuals eligible for assistance and 92 individuals
ineligible.

Preprocessing

The data preprocessing process, which includes
data cleaning, is crucial to ensure the data is in optimal
condition before being used for analysis or machine
learning model training. This process uses the Replace
Missing Value operator in Rapid Miner. During data
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cleaning, it is essential to ensure the dataset is free from
missing values, duplicates, unwanted outliers, and
unnecessary attributes such as membership number,
name, and hamlet. Removing these attributes is
intended to avoid influencing the attributes used for
classification. This stage also involves determining or
selecting the label, where the chosen label attribute is the
eligibility status. By following these steps, we can
significantly improve the quality and accuracy of the
machine learning model. The data cleaning process is
illustrated in Figures 3 and Figure 4.

# v KAPAL # v SAMPANM..% v SAMPAN & v PANCING & v JARING &~
1 Kapal Sampan Moter Sampan Pancing Jaring A
2 0 0 1 10 0
3 0 0 1 0 0
4 0 1 0 18 0
5 0 0 0 12 0
(] 0 0 1 10 0
7 0 1 0 15 0
8 0 0 0 0 0
9 0 1 1 30 60
10 0 0 1 0 0
1" 0 2 1 k2 a0
12 n 4 4 & n v
< >
Qnupmblems

Figure 4. Attribute Removal and Label Selection Process

Figure 4 illustrates the process of removing
unnecessary attributes such as membership number,
name, and hamlet, aiming to enhance model
performance. This process also includes selecting the
eligibility status attribute as the label (Peretz et al., 2024).

res

res

res

res

Read Excel Replace Missing Val...

fil out exa ﬁ exa
ori
pre

Figure 5. Process Of Inputting The Replace Missing Values
Operator

Figure 5 shows the process of inputting the Replace
Missing Values operator. This operator functions to
detect and identify missing values in the dataset, and it
also helps in simplifying the dataset (Tan et al., 2024).

Data split
Splitting the data into training and testing datasets
is an essential step in developing a machine learning
7656
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model to ensure objective evaluation and avoid
overfitting. At this stage, the Split Data operator in
Rapid Miner is used to divide the data into a training
dataset (80%) and a testing dataset (20%).

res

res

Replace Missing Val... Split Data
q il oot D exa @ exa exa par
or Y: par

pre

Figure 6. Data Split Process

Figure 6 depicts the process of data splitting using
the Split Data operator. The data is divided into 80% for
training and 20% for testing to ensure that the model
built is not only accurate on the training data but also
capable of generalizing and performing well on new
data (Ariyanti & Iswardani, 2020).

Implementation of the Naive Bayes Algorithm without
SMOTE

As many as 302 fishermen data are utilized in
classification using the Naive Bayes algorithm without
SMOTE and will be tested using 10-fold cross validation
in Rapid Miner. Additionally, evaluation will be
conducted to obtain accuracy, precision, and recall
values for optimal results.

Replace Missing Val... Validation

exa @ exa {exa % mod) Ies
) res

inl b outD

ori exa
pre tes L
per res

per

per

Figure 7. The process of inputting the Cross Validation
operator

Figure 7 depicts the input process of the Cross
Validation operator, aimed at dividing the dataset into
several subsets (folds) (Ariyanti & Iswardani, 2020).

Apply Model Performance

iah % per
per o

mod lab

thr tes L)
. ul mad
Haive Bayes

Split Data

o Y, par
par

Figure 8. Data Processing Using Naive Bayes Without
SMOTE
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In Figure 8, the process illustrates data processing
using the Naive Bayes algorithm. This process involves
integrating operators within the Naive Bayes
classification model. Subsequently, the Apply Model
operator functions to apply the trained model generated
by the Naive Bayes operator. This operator produces
predictions for test data based on the trained model.
Finally, the Performance operator is employed to
evaluate the model's performance based on the
generated predictions (Surampudi & Kumar, 2024). This
operator computes the Confusion Matrix metrics such as
accuracy, precision, and recall to assess how well the
model performs.

Table 1. Data processing using Naive Bayes without
SMOTE

Result of naive bayes algorithm

Folds Processing without SMOTE
Accuracy Presicion Recall
Scenario 1 10 97.01% 94.16% 96.67%

Table 1 shows the results of testing using the K-Fold
Cross Validation method with 10 folds on the Naive
Bayes algorithm without SMOTE, indicating an
accuracy of 97.01%. This demonstrates that the Naive
Bayes algorithm without SMOTE can classify data
effectively.

Implementation of the Naive Bayes Algorithm with SMOTE

Figures 8 and 9 below explain the process of training
data to generate a classification model for determining
the eligibility of assistance for fishermen using the Naive
Bayes algorithm along with SMOTE in the Rapid Miner
tool (Chachoui et al., 2024).

Validation

res

L] % mad
res

exa

Replace Missing Val...

SMOTE Upsampling
res

tes
qu k outD exa @ o o Y ups
per res
o oni

per
pre

Figure 9. Processing Data using Naive Bayes with SMOTE

Apply Mode! Performance SMOTE

ta mod 4 mod tes

el BE per

Split Data laive Bayes SMOTE

L) Y | tn mod
L}
[T

L]

thr per

Figure 10. Continuing Data Processing using Naive Bayes
with SMOTE
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Table 2. Results of Data Processing Using Naive Bayes Algorithm with SMOTE

Results of naive bayes algorithm processing without

Upsampling  Neighbor(k) Folds SMOTE

Accuracy Presicion Recall

Scenario 2 118 1 10 97.86% 96.81% 99.05%
Scenario 3 118 2 10 98.33% 96.86% 100%
Scenario 4 118 3 10 98.33% 96.86% 100%
Scenario 5 118 4 10 97.86% 96.02% 100%
Scenario 6 118 5 10 98.10% 97.27% 99.05%
Scenario 7 118 6 10 98.10% 96.84% 99.52%
Scenario 8 118 7 10 97.62% 96.00% 99.52%
Scenario 9 118 8 10 97.86% 96.02% 100%
Scenario 10 118 9 10 98.10% 96.82% 99.52%
Scenario 11 118 10 10 98.10% 96.84% 99.52%

Table 2 displays the results of data processing using
the Naive Bayes algorithm with SMOTE. The number of
synthetic data generated (SMOTE upsampled data) is
118, and the training data is divided into 10 folds. In this
process, the value of k varies from k =1 to k = 10. The
best classification models were achieved in scenarios 3
and 4 with k = 2 and k = 3, both achieving an accuracy of
98.33%.

Implementation of the KNN Algorithm Without SMOTE

Next, we will implement the KNN algorithm
without SMOTE and test it using 10-fold cross-
validation, utilizing Rapid Miner tools. This process
aims to determine the accuracy, precision, and recall
values of the KNN algorithm. The data will be tested
using 10 folds of K-Fold Cross Validation (Hutapea &
Silalahi, 2023). Figures 10 and 11 below illustrate the
data processing steps with the KNN algorithm.

Validation

exa % rnad

Replace Missing Val...

exa ﬁ exa

q i out [}

Figure 11. The process of inputting the Cross Validation
operator

The purpose of inputting the Cross Validation
operator is to divide the dataset into several subsets
(folds) (Ariyanti & Iswardani, 2020).

k-HH Apply Mode! Performance
tra mod mod o mod_ g oy ab. ab % per tes
soltbata * brgpte gui ® per o per
e i =

h

e par
thr

par

Figure 12. Continuing Data Processing using KNN without
SMOTE

In Figure 12, the data processing process with the
KNN algorithm without SMOTE is depicted. The
process begins with the insertion of the KNN
classification model operator, where the model classifies
based on the majority class of the k nearest neighbors.
Next, the Apply Model operator is introduced to apply
the trained model using the KNN operator. This
operator generates predictions for test data based on the
trained model. Finally, the Performance operator is
included to evaluate the model’s performance based on
the generated predictions.

The results of the testing using the K-Fold Cross
Validation method with 10 folds on the KNN algorithm
without SMOTE can be seen in Table 3.

Table 3. Results of data processing using KNN without
SMOTE

Results of processing the KNN

Folds algorithm without SMOTE
Accuracy  Presicion Recall
i’;e“a“" 10 9404%  94.53% 86.00%

From the test results using K-Fold Cross Validation
with 10 folds, shown in Table 3, an accuracy of 94.04%
was obtained. This indicates that the KNN algorithm
without SMOTE is capable of classifying the data
effectively.

Implementation of the KNN Algorithm with SMOTE

Figures 12 and 13 below illustrate the data training
process to generate a classification model for
determining fishermen’s eligibility for aid using the
KNN algorithm with SMOTE in Rapid Miner.
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[“Rl] ooty

SMOTE Upsampling

res
Validation

res

exa Y, ups

ori

exa % mad

Figure 1. Data processing using KNN with SMOTE

Spiit Data

e Y par,
par,

Il SMOTE
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Apply Model

]
wnl

mad [

b % per tes,
per e per.
per

b

mad

Performance SMOTE

Figure 2. Continuing data processing using KNN with

Table 4. Data Processing Results of the KNN Algorithm with SMOTE

SMOTE

Data processing results of the

Upsampling  Neighbor (k) (Folds) KNN algorithm with SMOTE
Accuracy Presicion Recall
Scenario 13 118 1 10 96.67 % 97.75% 95.71%
Scenario 14 118 2 10 95.71% 97.72% 93.81%
Scenario 15 118 3 10 96.90% 97.72% 96.19%
Scenario 16 118 4 10 95.95% 97.72% 94.29%
Scenario 16 118 5 10 96.43 % 97.72% 95.24%
Scenario 17 118 6 10 95.95% 97.72% 94.29%
Scenario 18 118 7 10 96.67 % 97.75% 95.71%
Scenario 19 118 8 10 95.71% 97.70% 93.81%
Scenario 20 118 9 10 96.19% 97.29% 95.24%
Scenario 21 118 10 10 95.71% 97.70% 93.81%
Table 4 above presents the results of data processing
using the KNN algorithm with SMOTE. A total of 118 f  — % x 100% = 95.39%

synthetic data points (SMOTE upsampled data) were
generated, and the training data was divided into 10
folds. In this process, the value of k used varied from k
=1 to k = 10. The best classification model was obtained
in the scenario 15 with a k value of 2, achieving an
accuracy of 96.90%, as shown in Table 4.

Evaluation
The Naive Bayes Algorithm

One common method for evaluating a classification
model, such as Naive Bayes, is by using a Confusion
Matrix and Fl-score. By utilizing the Confusion Matrix
and Fl-score, a more comprehensive picture of the
Naive Bayes algorithm’s performance can be obtained.
The Confusion Matrix and F1-score for the Naive Bayes
algorithm without SMOTE achieved the best result of
97.07%, as seen in Table 1, while the Naive Bayes
algorithm with SMOTE achieved the best result of
98.33%, as shown in Table 2. Below is the Confusion
Matrix for the best accuracy of the Naive Bayes
algorithm without SMOTE.

Table 5. Confusion Matrix of Naive Byaes Algorithm
without SMOTE
Accuracy: 97.01%, Presicion: 94.16%, Recall: 96.67 %

Class Eligible Ineligible Cla.ss. of

presicion
Eligible 204 3 98.55%
Ineligible 6 89 93.68%
Class of recall 97.14% 96.74%

From the calculation results using equation (7), the
F1-score of the Naive Bayes algorithm without SMOTE
is 95.39%.

Table 6. The Confusion Matrix with the best accuracy
from the Naive Bayes algorithm with SMOTE
Accuracy: 98.33%, Presicion: 96.86%), Recall: 100 %

Class Eligible Ineligible Class of
presicion
Eligible 203 0 100.00%
Ineligible 7 210 96.77 %
Class of recall 96.67 % 100.00%
96.86 X 100
Fmeasure = me 100% = 9849%

From the calculation using equation (7), the F1-score
of the Naive Bayes algorithm with SMOTE is 98.49%.

KNN Algorithm

Next, the KNN algorithm will also be evaluated
using Confusion Matrix and Fl-score. By employing
Confusion Matrix and F1-score, a more comprehensive
overview of the KNN algorithm’s performance can be
obtained. Below are the Confusion Matrix and F1-score
results for KNN without SMOTE, achieving the best
result of 94.04% as seen in Table 3, and KNN with
SMOTE achieving the best result of 96.90% as seen in
Table 4. Additionally, the Confusion Matrix for the best
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accuracy of KNN without SMOTE can be found in Table
7 below.

Table 7. Confusion Matrix of KNN Algorithm Without
SMOTE
Accuracy: 94.04%, Presicion: 94.53 %, Recall: 86.00%

October 2024, Volume 10, Issue 10, 7652-7664

classification of Naive Bayes and KNN algorithms
without SMOTE and Naive Bayes and KNN algorithms
using SMOTE.

Table 9. Comparison of Naive Bayes and KNN
Algorithms Without SMOTE

Class Eligible Ineligible Cla.ss. of Algorithm Accuracy Presicion  Recall Fl-
presicion score
Eligible 205 13 94.04% Naive bayes 97.01% 94.16% 96.67%  95.39%
Ineligible 5 79 94.05% K-nearst o 0 o o
Class of recall 97.62% 85.87% neighbor o4.04% 94.53%  86.00%  90.06%
94.53 x 86.00 i
Eroasure = 2 £ 100% = 90.06% "'l"at?le 9 shows the resu%ts of processing data for
94.53 + 86.00 classifying eligibility for assistance among fishermen,

From the calculation using equation (7), the F1-score
obtained for the KNN algorithm without SMOTE is
90.06%.

Table 8. Confusion Matrix of KNN Algorithm with
SMOTE
Accuracy: 96.90%, Presicion: 97.72%, Recall: 96.19%

Class Eligible Ineligible Cla.ss. of
presicion
Eligible 205 8 96.24%
Ineligible 5 202 97.58%
Class of recall 97.62% 96.19%
F _ 97.72 X 96.19 100% = 96.940
measure = 9775 196,197 0 J00H

The table above shows the Confusion Matrix with
the best accuracy from the KNN algorithm with SMOTE.
From the calculation using equation (7), the Fl-score
obtained for the KNN algorithm with SMOTE is 96.94%.

Comparison Analysis of Naive Bayes and K-Nearest Neighbor
Algorithms with and without SMOT

In classification tasks, selecting the right algorithm
is crucial to achieving optimal results. The Naive Bayes
and KNN algorithms have been evaluated using
Confusion Matrix and F1-Score. Evaluation is based on
the Confusion Matrix metrics such as accuracy,
precision, recall, and Fl-score, reflecting the highest
results of both algorithms. Accuracy measures the
proportion of correct predictions, precision indicates the
proportion of truly eligible instances among all
predicted eligible instances, recall measures the
proportion of truly eligible instances successfully
identified by the model, and F1-score balances precision
and recall. By comparing the results of both algorithms
without using SMOTE and with SMOTE, we can
understand how applying SMOTE affects model
performance, as well as the strengths and weaknesses of
each approach in identifying fishermen eligible for
assistance. Below is a comparison table of the

demonstrating different performance between the two
algorithms used: Naive Bayes and KNN without
SMOTE. Naive Bayes achieved an accuracy of 97.01%,
with precision of 94.16%, recall of 96.67%, and an F1-
score of 95.39%. These results indicate that Naive Bayes
performs well in correctly classifying data, accurately
identifying fishermen eligible for assistance, and
maintaining a balance between precision and recall. On
the other hand, KNN achieved an accuracy of 94.04%,
with precision of 94.53%, recall of 86.00%, and an F1-
score of 90.06%. Although KNN has slightly higher
precision than Naive Bayes, its lower recall suggests that
KNN is less effective in identifying all eligible fishermen
for assistance. Overall, Naive Bayes without SMOTE
demonstrates superior performance in classifying
eligibility for assistance among fishermen, particularly
in terms of recall and F1-score, indicating better ability
to detect fishermen truly eligible for assistance.

Meanwhile, the comparison between Naive Bayes
and KNN using SMOTE is shown in the following table
10. The results of this analysis provide a clearer picture
of the performance of both algorithms in handling data
imbalance.

Table 10. Comparison of Naive Bayes and KNN
Algorithms Without SMOTE

Algorithm Accuracy IHirEEie Recall  Fl-score
Naive

bayes + 98.33% 96.86 % 100.00% 98.49%
SMOTE

KNN + (o) 0, (o) (o)
SMOTE 96.90% 97.72% 96.19% 96.94%

The results of processing classification data for
determining eligibility for assistance among fishermen
show improved performance when using the Naive
Bayes and KNN algorithms with SMOTE. In the Naive
Bayes algorithm with SMOTE, an accuracy of 98.33%
was achieved, with precision of 96.86%, recall of
100.00%, and an Fl-score of 98.49%. These results
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indicate that the Naive Bayes algorithm with SMOTE
performs very well in correctly classifying data,
identifying all eligible fishermen without error, and
maintaining a very high balance between precision and
recall. Meanwhile, the KNN algorithm with SMOTE
achieved an accuracy of 96.90%, with precision of
97.72%, recall of 96.19%, and an Fl-score of 96.94%.
Although the accuracy of KNN with SMOTE is slightly
lower compared to Naive Bayes with SMOTE, its high
precision and Fl-score suggest that KNN with SMOTE
is also very effective in identifying eligible fishermen,
albeit slightly less perfect in detecting all eligible
fishermen compared to Naive Bayes. Overall, both
models demonstrate excellent performance with the
application of SMOTE, but Naive Bayes with SMOTE
excels in terms of accuracy, recall, and Fl-score,
indicating superior capability.

Tables 9 and 10 present the analysis and processing
results of classifying eligibility for assistance among
fishermen, highlighting that applying the Naive Bayes
algorithm with SMOTE yields better performance. From
this comparison, it is evident that Naive Bayes combined
with SMOTE produces superior results. This
underscores that Naive Bayes with SMOTE is more
effective in handling data imbalance and ensuring that
no eligible fishermen are overlooked in the classification
process. Based on these findings, Naive Bayes with
SMOTE emerges as the preferable choice for classifying
eligibility for assistance among fishermen under
conditions of unbalanced data.

Conclusion

Based Based on the analysis of the data, there is a
significant performance difference between the Naive
Bayes and KNN algorithms in determining the eligibility
for assistance among fishermen, especially when using
SMOTE. Without SMOTE, Naive Bayes outperformed
with an accuracy of 97.01%, recall of 96.67%, and an F1-
score of 95.39%, while KNN achieved an accuracy of
94.04%, recall of 86.00%, and an F1-score of 90.06%. After
applying SMOTE, both algorithms showed improved
performance, but Naive Bayes remained superior with
an accuracy of 98.33%, recall of 100.00%, and an F1-score
of 98.49%. In contrast, KNN with SMOTE reached an
accuracy of 96.90%, precision of 97.72%, recall of 96.19%,
and an Fl-score of 96.94%. This indicates that Naive
Bayes is better at handling data imbalance and
accurately identifying fishermen eligible for assistance.
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