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Abstract— Chronic kidney disease is a decrease in kidneys function where the condition leads to kidney
damage. This disease causes damage to the body's immunity, because the body fails to maintain fluid balance.
Therefore, it becomes a critical need to identify whether a patient is a sufferer of chronic kidney disease or
not. The classification methods used in this study are Naive Bayes, AdaBoost, and Random Forest. The main
objective of this research is to help the classification process of a patient whether classified as a patient with
chronic kidney disease or not. Recently, proper early recognition is needed to detect chronic kidney disease to
prevent delays in its treatment. Given the large number of chronic kidney disease cases that occur, this study
is expected to be an effort to control the increase in sufferers. The results showed that the Naive Bayes
approach achieved 95.4% accuracy, which increased to 98.6% after AdaBoost was implemented, and
Random Forest led at 99.3%.
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Abstrak— Penyakit ginjal kronis merupakan penurunan fungsi pada ginjal dimana kondisinya mengarah
pada kerusakan ginjal. Penyakit ini menyebabkan kerusakan pada kekebalan tubuh karena tubuh gagal
untuk mempertahankan keseimbangan cairan. Metode klasifikasi yang digunakan dalam penelitian ini
adalah Naive Bayes, AdaBoost, dan Random Forest. Penelitian ini bertujuan untuk membantu proses
klasifikasi pasien apakah tergolong sebagai penderita penyakit ginjal kronis atau tidak. Saat ini
dibutuhkan pengenalan dini yang tepat untuk mendeteksi penyakit ginjal kronis agar dapat mencegah
keterlambatan dalam penanganannya. Mengingat besarnya kasus penyakit ginjal kronis yang terjadi,
penelitian ini diharapkan dapat menjadi upaya pengendalian angka peningkatan penderita. Hasil
penelitian menunjukkan bahwa pendekatan Naive Bayes meraih akurasi 95.4%, dimana meningkat
menjadi 98.6% setelah AdaBoost diterapkan, dan Random Forest memimpin di angka 99.3%.

Kata Kunci: Penyakit Ginjal Kronis, Pembelajaran Mesin, Klasifikasi, Naive Bayes, AdaBoost, Random Forest

INTRODUCTION

A kidney is an organ that has a role in
processing the body's metabolism [1]. The kidneys
are also involved in regulating water balance in the
human body. Humans need to maintain their health
so that they can function correctly.

Chronic Kidney Disease (CKD) is a disorder of
the kidney characterized by abnormalities in the
structure or function of the organ, which lasts more
than three months [2]. Several diseases also
trigger and cause CKD, such as diabetes, high blood
pressure, or gout.

CKD has become one of the population's health
problems worldwide, where the number has
increased with the rapid population growth rate
[3]. About 1 in 10 people from the world's
population are sufferers at a particular stage. CKD
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can be divided into 5 degrees, namely degrees |, 1],
I, 1V, and V.

According to a 2006 report from the Indonesian
Diatrans Kidney Foundation, there were
approximately 150 thousand sufferers of chronic
kidney disease. About 21% are in the age range of
15 to 34 years, 49% are aged 35-55 years, and 30%
are aged over 56 years [4].

Treatment of CKD today has also made
progress, one of which uses dialysis techniques or
kidney transplants. Dialysis is a therapy that
temporarily replaces kidney function, aiming to
excrete metabolic waste [4].

With the rapid development of Artificial
Intelligence, it is encouraging its use for various
fields. This research develops Machine Learning
methods as part of Artificial Intelligence. Machine
Learning is defined as one of the disciplines that
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study how a machine or computer has intelligence
by learning from examples (data) [5]. The
implementation of this learning has been
successfully applied in various fields, such as
banking, trade, and health.

Therefore, by utilizing technology, namely
machine learning and based on available data, an
algorithm is developed to classify whether
someone is a sufferer of chronic kidney disease.
The learning algorithm for the data implemented in
this study is Naive Bayes, AdaBoost, and Random
Forest.

There have been several previous studies
where researchers tried various methods to
classify chronic kidney disease. Fadilla et al. (2018)
use the Extreme Machine Learning (EML) method,
where this method increases the speed of learning
on Artificial Neural Networks (ANN). EML
produces an accuracy of 96.7% [3]. Kriplani et al.
(2019), implementing Deep ANN with an accuracy
of 97% [6]. The same results were obtained by
Sahaetal. (2019) [7].

Yunus (2018) applies the K-Nearest Neighbor
(k-NN) approach. The accuracy value obtained by
k-NN is 78.8% [8]. Particle Swarm Optimization
(PSO) is added in the method to get better results.
The merger of K-NN and PSO obtained 97.3%
accuracy results [8]. In contrast to Arifin and
Ariesta (2019), who added PSO to the Naive Bayes
method. The concept of weighting this attribute
achieves 98.8% accuracy [9]. In a recent study,
[lham (2020) added the Bootstrap strategy to k-
NN. Bootstrap and k-NN have an accuracy rate of
97.9% [10]. A comparison of several classification
algorithms from 2012 to 2017 can be seen in the
tabulations presented in a recent scientific article
by Dharmarajan [11].

This study aims to assist health agencies in
classifying patients, whether organized as patients
with chronic kidney disease or not by using all
three methods. This research is expected to
analyze the application of these three methods to
identify sufferers of chronic kidney disease. With
the right prediction, sufferers will get proper
treatment, and hopefully, in the future, it will
minimize the number of sufferers. This research is
also expected to be a consideration for health
agencies in classifying patients.

METHODOLOGY

This research aims to utilize the existing
attributes in the current dataset to be then
processed as a form of business to improve
decision-making capabilities. In this study, several
stages are conducted, namely, data collection, data
cleaning, proposed methods implementation, and
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data testing. The steps of the research

methodology are shown in Figure 1.

Data Collection

|

Data Cleaning

l

Proposed Methods
Implementation

|

Data Testing

Figure 1. Research Methodology Stages

The first step taken in this research is to collect
data that will be managed. In this study, a dataset
regarding Chronic Kidney Disease was obtained
from the University of California Irvine (UCI)
Machine Learning repository
(https://archive.ics.uci.edu/ml/datasets/chronic k
idney disease ) [12].

The dataset has 400 instances, 25 attributes,
and two classes, chronic and non-kidney disease.
Attributes involved in the study are numerical and
nominal, which discuss the health of the patient,
starting from age, blood pressure, and health
history, as in Table 1.

Table 1. Data Attributes

No Attributes Value

1. Age Numerical
2. Blood Pressure Nominal
3.  Specific Gravity Nominal
4.  Albumin Nominal
5. Sugar Nominal
6. Red Blood Cell Nominal
7. Pus Cell Nominal
8.  Pus Cell Clumps Nominal
9. Bacteria Nominal
10. Blood Glucose Random Numerical
11 Blood Urea Numerical
12 Serum Creatinine Numerical
13  Sodium Numerical
14 Potassium Numerical
15 Hemoglobin Numerical
16 Packed Cell Volume Numerical
17  White Blood Cell Numerical
18 Red Blood Cell Count Numerical
19 Hypertension Nominal
20 Diabetes Mellitus Nominal
21 Coronary Artery Disease Nominal
22 Appetite Nominal
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No Attributes Value

23 Pedal Edema Nominal
24  Anemia Nominal
25 Class (Output) Nominal

The data cleaning stage is intended to clean
up the dataset to be a consistent data collection so
that it can be processed at a later stage to produce
valid data [13]. Replace is performed on missing
data or missing value by replacing it with the mean
value for numeric attributes and the mode for
nominal attributes [14]. Mean means the average
amount of information, while the mode value in
data is a value that often appears.

In general, in carrying out classifications,
several methods can be applied. This study chose
three classification methods, namely Naive Bayes,
AdaBoost, and Random Forest. Naive Bayes is the
most straightforward algorithm [15]. This
algorithm is based on Bayes' Theorem, which
predicts based on probability, with a strong
assumption of independence. Therefore, Naive
Bayes is a model that has independent features.

The Bayes formulas is shown in Equation 1

[16].
P(E|H) x P(H

P(H|E) = ZEEIEED o )

Where,

PCHIE): The conditional probability that
(HIE): Hypothesis H occurs if E occurs

P(EIH): Probability of E which will affect
(E[H): Hypothesis H

P(H): The initial probability of hypothesis H
(H): occurs in general

P(E): The initial probability E without

calculating Hypothesis H

Naive Bayes works based on probabilities that
make it possible to consider all features for
consideration. It causes Naive Bayes to have
several characteristics such as:

1. Easy to understand

2. Calculations made are relatively faster

3. Able to overcome the value of the attribute
that is wrong or missing during models
development and predictions

4. Able to overcome irrelevant attributes

In addition to the advantages possessed
above, some deficiencies can affect the results of
classification by this method, namely the
assumption of independence between attributes
that might reduce the value of accuracy. Therefore
in overcoming these shortcomings, AdaBoost was
involved. AdaBoost was added to Naive Bayes as an
adaptive  boosting algorithm to improve
classification performance [17].

Furthermore, besides Naive Bayes, a trial was
also conducted using the Random Forest method.
Random Forest is a decision tree technique that
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combines several trees to form a forest [18].
Consequently, the prediction is based on the class
that most often appears or the most votes of
several classification trees. This technique can be
used for classification and regression problems.

This technique has the advantage of being
able to overcome if there are missing values and
can still be implemented on extensive data.
Random Forests also tend to be less affected by
outlier data values [19]. However, the drawback of
this technique is that it takes a proper tuning
model in the data to produce a reasonable
classification.

The final step is the testing phase. Evaluating
the dataset is done by considering the percentage
accuracy of the method used in classifying data
[20]. Outputs are data models, confusion matrix,
and class predictions from input data.

RESULTS AND DISCUSSION

The test is carried out to measure the
accuracy of each model's results by calculating the
value of accuracy, precision, recall, and F1-score.
The aim is to determine the difference in
performance between the Naive Bayes method and
AdaBoost for handling cases of chronic kidney
disease prediction. Accuracy is used to predict the
level of closeness between the predicted value and
the actual value. Precision is used for true positive
evidence on real data. The recall is used for the
proportion of positive cases that are correctly
predicted. Whereas F1-score as the average value
of the Precision and Recall values.

The Naive Bayes classification with the Cross-
validation folds 10 test is applied. The results
obtained are from a total of 400 patients, 250
patients are predicted to suffer from CKD, but in
fact, only 229 patients suffer from CKD, while the
remaining 21 patients do not suffer from CKD. The
data that has been accurately predicted as the Not
CKD class is 149. There is one data foreseen as the
Not CKD class but entered into the CKD class.
Therefore the accuracy value of the Confusion
Matrix produced by Naive Bayes is 95.4%. The
results of the Confusion Matrix can be seen in Table
2.

Table 2. Confusion Matrix for Naive Bayes
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True NOT Class
True CKD CKD Precision
Pred CKD 229 21 99.6%
Pred NOT CKD 1 149 87.6%
Class Recall 91.6% 99.3% -
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The AdaBoost algorithm is used as the second
method. Experiments carried out wusing ten
repetitions. This repetition aims to see the
behavior of the algorithm used in the same
conditions.

The results of the Confusion Matrix can be
seen in Table 3. The accuracy value of the addition
of AdaBoost to Naive Bayes is 98.6%. The increase
achieved was 3.2%. The addition of the AdaBoost
algorithm gives quite good results in increasing the
value of Accuracy, Precision, Recall, and F1-score.

Table 3. Confusion Matrix for AdaBoost

True NOT Class
True CKD CKD Precision
Pred CKD 244 1 99.6%
Pred NOT CKD 6 149 96.1%
Class Recall 97.6% 99.3% -
Some changes occurred during the

experiment after the data were pre-processed. The
dataset without any data cleaning process is shown
by the NB (Naive Bayes) and NBA (Naive Bayes +
Adaboost) notations, while the dataset that is
performed for data cleaning has the NBdc (Naive
Bayes with data cleaning) and NBAdc (Naive bayes
+ Adaboost with data cleaning) notations. The
increase occurred in the value of accuracy in the
data cleaning process, where initially NBdc =
94.5% became NBAdc = 98.25%. Here there is an

in Table 5. The accuracy of classification with
Random Forest reaches the highest value
compared to the two approaches previously
described, which is 99.3%.

Table 5. Confusion Matrix for Random Forest

True NOT Class
True CKD CKD Precision
Pred CKD 249 1 99.2%
Pred NOT
0,
CKD 2 148 99.3%
Class
0, 0,
Recall 99.6% 98.7%

A comparison of the accuracy from the three
classifiers applied in this study with the most
recent previous studies is shown in Table 6. It can
be seen that various methods have the potential to
be good classifiers because the average accuracy
value is above 90%, where the range of accuracy
values is 70-99%. Random Forest with 99.3%
accuracy is the first method recommended as a
result of this study. Another alternative method is
to use a simple classification method such as Naive
Bayes but accompanied by modification or addition
of strategies (AdaBoost or PSO) to improve
performance.

Table 6. Comparison of Classifiers Performance

References Accuracy
increase of 3.75%. Naive Bayes 95 4
However, for the same method, data cleaning Naive Bayes +
does not affect or even reduce the value of 4, p00ct 98.6
accuracy. It can be seen from the NB when Random
compared to the NBdc where, after cleaning the o 99.3
data, the accuracy value decreased by 0.9%. The
same thing happened with the NBA vs. NBAdc, Extreme
where the accuracy value reduces by 0.35%. It Machi Fadilla et al. 96.7
means that the Naive Bayes method can L achine (2018)[3] '
demonstrate its ability to overcome missing values. earning
The results of the effect of data cleaning on the
missing values in the data are shown in Table 4. WT Yunus (2018) [8] ;32
- + .
Table 4. Effect of Data Cleaning on Missing Values . .
Accuracy - Kriplani et al.
0 Precision  Recall F1 (2019) [6]
(%) Deep ANN Saha et al 97
NB 95.40 100.0 92.0 95.8 (2019) [7j
NBdc 94.50 99.6 91.6 95.4
NBA 98.60 100.0 96.8 984 ; Arifin and
Naive Bayes + 4 iesta (2019) 98.8
NBAdc 98.25 99.6 97.6 98.6 PSO 9]
As a comparison, predictions are made T yn+ llham (2020)
using Random Forest with the results can be seen 97.9
g Bootstrap [10]
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By using the same dataset, different results
are obtained. It can be caused by the various
mechanisms of the methods tested. Based on the
accuracy value, it gets more than 95% for the
proposed methods in this study. Therefore,
researcher can start with Naive Bayes, AdaBoost,
and Random Forest learning for classification.
Moreover, it is necessary to take into account the
future impacts of both the positive and negative
effects of the resulting classification.

CONCLUSION

From the results of this study, it can be
concluded that the Naive Bayes Classifier can
classify chronic kidney disease data, despite there
are still some missing values. The selection of the
best method needs to be adjusted to the objectives
to be achieved from the research. In this study, the
principal amount emphasized is the value of
accuracy. With the Naive Bayes method, the results
obtained an accuracy value of 95.4%. If the dataset
is pre-processed for the missing value, the Naive
Bayes method's accuracy will decrease by 0.9% to
94.5%. Besides, the Boosting (AdaBoost) algorithm
method is proven to improve the performance of
the Naive Bayes method, where the accuracy value
is 98.6%. Random Forest achieved the highest
accuracy at 99.3%. Random Forest and Naive
Bayes with AdaBoost are classification methods
with excellent performance compared to previous
studies.
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