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Abstract—Chronic Kidney Disease (CKD) is one of the non-communicable diseases with an increasing prevalence and has become a
serious problem in the healthcare sector due to delayed diagnosis and lack of early detection. This study aims to analyze the performance
of the Naive Bayes algorithm in classifying chronic kidney disease to support early detection systems. The research used a Chronic
Kidney Disease dataset consisting of 400 patient records with 26 medical attributes, including blood pressure, albumin, hemoglobin,
blood glucose, and other health indicators. Data processing was carried out using Python with several stages, including data cleaning,
missing value checking, categorical data encoding using LabelEncoder, and data normalization using StandardScaler. The dataset was
divided into training data and testing data with a ratio of 80:20, resulting in 320 training data and 80 testing data. The classification
process was performed using the Naive Bayes algorithm and evaluated using accuracy, precision, recall, f1-score, and confusion matrix.
The experimental results showed that the proposed model achieved an accuracy of 97.5%, indicating that the Naive Bayes algorithm
is capable of classifying chronic kidney disease effectively. The findings of this study demonstrate that machine learning techniques
can support early detection systems for chronic kidney disease and assist healthcare services in improving diagnostic accuracy.

Keywords: Chronic Kidney Disease; Naive Bayes; Machine Learning; Classification; Early Detection

1. INTRODUCTION

Chronic kidney disease (CKD) is a noncommunicable disease that is a major public health concern due to its steadily
rising prevalence each year. This condition results from a gradual decline in kidney function over a long period of time,
causing the kidneys to be unable to filter blood effectively(Indrianti et al., 2024; Qin et al., 2020; Roy et al., 2021; Wantoro
et al., 2026). This condition causes metabolic waste products to accumulate in the body and can lead to various serious
complications, such as hypertension, anemia, kidney failure, cardiovascular disorders, and even death (Prasetyo et al.,
2024; Ramadhan, Wahyu, et al., 2025; Suwari & Hidayati, 2025; Zuhri et al., 2025). According to the World Health
Organization, chronic kidney disease is one of the causes of rising global mortality rates due to delayed diagnosis and
low public awareness of the early symptoms of kidney disease (Organization, 2026)(Wang, 2020).

Advances in information technology and artificial intelligence are having a major impact on the healthcare sector,
particularly in the processing of medical data. One application of these technologies is the use of machine learning
techniques in disease classification. Machine learning enables computer systems to learn patterns from historical data to
generate predictions or automated decisions (Adittia Fathah, 2025; Apip & Kurniawan, 2026; Made et al., 2026; Rahayu
etal., 2024). In the field of healthcare, machine learning-based classification methods are considered capable of improving
diagnostic efficiency, accelerating the analysis of patient data, and helping medical professionals make more accurate
decisions (Prasetyo et al., 2024)(Ratnasari et al., 2025). One of the classification algorithms widely used in health research
is the Naive Bayes algorithm. This algorithm is based on Bayes’ theorem and assumes independence among attributes,
resulting in a simple computational process that still delivers good classification performance (Apip & Kurniawan,
2026)(Made et al., 2026).

This study uses a chronic kidney disease dataset consisting of 400 patient records with 26 attributes. Based on the
results of data processing using Python, the dataset contains numerical and categorical attributes such as age, blood
pressure, specific gravity, albumin, random blood glucose, hemoglobin, hypertension, diabetes mellitus, and other
medical attributes. The preprocessing stages were carried out through data cleaning, removal of the ID attribute, handling
of missing values, encoding of categorical data using LabelEncoder, and data normalization using StandardScaler. After
the preprocessing was complete, the dataset was divided into a training set of 320 records and a testing set of 80 records.
A classification model was then built using the Naive Bayes algorithm, yielding an accuracy of 97.5% with a confusion
matrix of [[50,0,1],[1,0,0],[0,0,28]]. These results indicate that the Naive Bayes algorithm demonstrates excellent
classification performance in detecting chronic kidney disease.

Several previous studies have examined the application of machine learning algorithms for the classification of
chronic kidney disease. A study by (Indrianti et al., 2024) used machine learning methods to diagnose chronic kidney
disease and found that classification algorithms can improve diagnostic accuracy compared to manual methods. However,
that study did not perform a complete data preprocessing step, particularly regarding data normalization. Another study
conducted by (Adittia Fathah, 2025) compared several classification algorithms, such as Random Forest, Support Vector
Machine, and Naive Bayes, for the detection of chronic kidney disease. The results of the study showed that Random
Forest has a high accuracy rate but requires greater computational complexity than Naive Bayes. In addition, research by
(Simbolon et al., 2025) applied a classification algorithm to patients with diabetes and chronic kidney disease and
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demonstrated that machine learning techniques can improve the process of early disease detection. However, the study
did not make extensive use of model evaluation visualization using confusion matrices.

Another study was conducted by (Ramadhan, Wahyu, et al., 2025) which compared the J48 Decision Tree, CART,
and Naive Bayes algorithms for classifying chronic kidney disease. The study showed that the Naive Bayes algorithm has
a faster training process than the other algorithms, but did not implement data normalization using StandardScaler.
Research by (Widiati et al., 2024) It also implemented the Naive Bayes and K-Nearest Neighbor algorithms for classifying
chronic kidney disease and achieved fairly good classification performance (Riany et al., 2023; Riany & Testiana, 2023).
However, the study has not yet conducted a comprehensive data preprocessing phase and has not provided a detailed
explanation of the model evaluation results using a confusion matrix and classification report.

Based on previous studies, it is evident that most studies focus solely on accuracy results without paying attention
to optimal data preprocessing steps. In addition, some studies still have limitations in terms of model evaluation
visualization and in-depth analysis of classification performance (Ani et al., 2025; Fauzi & Santoso, 2025; Sari &
Supriatna, 2023). Therefore, this study differs from previous research in that it implements a comprehensive set of
preprocessing steps, ranging from data cleaning, handling missing values, and encoding categorical data to data
normalization using StandardScaler, and model evaluation using classification reports and confusion matrices (Setiawan
et al., 2025). With this approach, the resulting classification model is more optimal and easier to analyze.

The main challenge in diagnosing chronic kidney disease is delayed detection due to early symptoms that patients
often fail to recognize. Many patients only become aware of their condition when their kidney function has already
suffered significant damage, making treatment more difficult and increasing healthcare costs. This situation underscores
the importance of a diagnostic support system capable of facilitating early detection automatically and accurately. The
solution proposed in this study is the application of a machine learning-based Naive Bayes algorithm to classify chronic
kidney disease based on patients’ medical data. This system is expected to assist medical professionals in analyzing health
data more quickly and efficiently.

The urgency of this research lies in the importance of developing an artificial intelligence-based disease
classification system that is highly accurate yet simple to implement. As the volume of digital medical data increases, the
use of classification algorithms has become crucial for aiding decision-making processes in the healthcare field. This
study also contributes to the development of data mining applications in the medical field, particularly in the classification
of chronic kidney disease using the Naive Bayes algorithm. Furthermore, the results of this study are expected to serve
as a reference for future research in the development of machine learning-based medical decision support systems.

The state-of-the-art aspect of this study lies in the integration of comprehensive data preprocessing with the Naive
Bayes algorithm to improve the classification performance for chronic kidney disease. This study not only achieves an
accuracy rate of 97.5% but also presents model evaluations using classification reports and confusion matrices, allowing
for a more in-depth analysis of the classification results. With this approach, this study is expected to make a tangible
contribution to the development of an accurate, efficient, and easily implementable artificial intelligence-based early
detection system for chronic kidney disease within digital healthcare services..

2. RESEARCH METHODS
2.1. Dataset

The data processing steps in this study were carried out systematically to produce an optimal classification model for
chronic kidney disease using the Naive Bayes algorithm. The dataset used is the Chronic Kidney Disease dataset, which
consists of 400 patient records with 26 medical attributes. This dataset contains numerical and categorical attributes used
as parameters for chronic kidney disease classification. The data processing was performed using the Python
programming language with the assistance of the Pandas, NumPy, Scikit-Learn, and Matplotlib libraries.

The initial phase of the study involved reading the dataset using the Pandas library. After the dataset was
successfully imported, a preliminary analysis was conducted to determine the data structure, data types, number of
attributes, and condition of the dataset prior to preprocessing. Based on the analysis results, it was found that the dataset
consists of 400 rows of data with 26 attributes, including numerical and categorical attributes such as age, blood pressure,
albumin, random blood glucose, hemoglobin, and other medical attributes.

Table 1. Description of Attributes in The Chronic Kidney Disease Dataset

No Attribute Name Description
1 age Patient's Age
2 bp Blood Pressure
3 sg Specific gravity
4 al Albumin
5 su Sugar
6 rbe Sel darah merah
7 pc Pus cell
8 pcc Pus cell clumps
9 ba Bacteria
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No Attribute Name Description

10 bgr Blood glucose random
11 bu Blood urea

12 sc Serum creatinine

13 sod Sodium

14 pot Potassium

15 hemo Hemoglobin

16 pcv Packed cell volume
17 wce White blood cell count
18 rc Red blood cell count
19 htn Hypertension

20 dm Diabetes mellitus
21 cad Coronary artery disease
22 appet Appetite

23 pe Pedal edema

24 ane Anemia

25 classification =~ CKD classification results

The next step is the data cleaning process to improve the quality of the dataset before the classification process
begins. At this stage, the “id” attribute is removed because it has no bearing on the classification of chronic kidney disease.
Next, the dataset is checked for missing values to ensure there are no empty entries. The results of this check indicate that
the dataset contains no missing values, so the data can be used directly in the next step. Once the data cleaning process is
complete, the next step is to encode categorical data using LabelEncoder. This process aims to convert text-based data
such as “yes,” “no,” “good,” and “poor” into numerical values so that they can be processed by machine learning
algorithms. Next, data normalization is performed using StandardScaler to standardize the data scale, thereby optimizing

the classification process and reducing the range differences between attributes.

Table 2. Data Prepocessing Steps

Stages Description
Data Cleaning Removing unnecessary attributes
Missing Value Checking Ensure that the dataset does not contain any missing values
Encoding Data Converting categorical data to numerical data
Normalisasi Data Scale the data using StandardScaler
Data Splitting Split the dataset into training and testing data

The next step is to split the dataset into training and testing data using the “train_test_split’ method. The dataset is
split in an 80:20 ratio, with 80% of the data used for training and 20% used for testing. The training data is used to train
the Naive Bayes model, while the testing data is used to evaluate the performance of the chronic kidney disease
classification model.

Table 3. Splitting The Training and Testing Datasets

Data Types  Data Volume Percentage

Data Training 320 80%
Data Testing 80 20%
Total Dataset 400 100%

Once the dataset has been split, the next step is to train the model using the Naive Bayes algorithm. This algorithm
operates based on Bayes’ theorem by calculating the probability of each attribute belonging to a specific class and
selecting the highest probability as the classification result. After the model has been trained using the training data, a
prediction process is performed on the test data to assess the model’s ability to accurately classify chronic kidney disease.

2.2. Research Framework

This study employs a quantitative research method with a machine learning-based classification approach to analyze
chronic kidney disease using the Naive Bayes algorithm. The study was conducted using the Chronic Kidney Disease
(CKD) dataset, which consists of 400 patient records with 26 medical attributes such as age, blood pressure, blood sugar
levels, albumin, hemoglobin, diabetes mellitus, and other health attributes (M. Fahmi & Fadlillah, 2023) . Data processing
was performed using the Python programming language with the assistance of the Pandas, NumPy, Scikit-Learn, and
Matplotlib libraries. The objective of this study is to determine the capability of the Naive Bayes algorithm in classifying
chronic kidney disease to support the early detection process with a high level of accuracy.

The research framework begins with the collection of a chronic kidney disease dataset, data preprocessing, the
division of data into training and testing sets, model training using the Naive Bayes algorithm, and model evaluation using
accuracy, precision, recall, F1-score, and a confusion matrix. The preprocessing stage is conducted to improve data quality
before the classification process begins. These steps include removing the ID attribute, checking for missing values,
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encoding categorical data using LabelEncoder, and normalizing data using StandardScaler. Based on the results of data
processing using Python, 320 training data points and 80 testing data points were obtained.

The research hypothesis states that the Naive Bayes algorithm is capable of classifying chronic kidney disease
with a high level of accuracy, making it suitable for use in supporting the early detection of chronic kidney disease (H.
Fahmi & Sutisna, 2024; Pulungan et al., 2024). The independent variables in this study consist of patient medical attributes
such as blood pressure, albumin levels, random blood glucose levels, hemoglobin (hemo), and other health attributes.
Meanwhile, the dependent variable in this study is the classification result for chronic kidney disease (classification). The
research framework used in this study is shown in Figure 1.

CKD Dataset
400 patient records, 26 attributes

I

1. Data Preprocessing
* Check data structure and data types
« Check missing values
+ Data cleaning
- Remove unnecessary attribute (id)
- Ensure there are no missing values
« Encode categorical data using LabelEncoder
* Normalize numerical data using StandardScaler

!

2. Dataset Splitting (Train-Test Split)

« Split Ratio: 80:20
Training Data (80%) Testing Data (20%)
320 records 80 records

3. Naive Bayes Model Training
« Use Naive Bayes algorithm

« Train the model using

the training data

4. Prediction

* Use the trained model to predict
the testing data

« Generate predicted labels

==

5. Model Evaluation
« Accuracy

* Precision

* Recall

* F1-Score

* Confusion Matrix

)
6. Classification Results

Classification of chronic kidney disease:
CKD or Non-CKD

Figure 1. Research Framework for the Classification of Chronic Kidney Disease Using the Naive Bayes Algorithm

As shown in Figure 1, the study began with the collection of a chronic kidney disease dataset consisting of 400
patient records and 26 medical attributes. The dataset was then imported using Python, and an initial analysis was
conducted to determine the dataset structure, data types, and to check for missing values. The next step was data cleaning,
which involved removing unnecessary attributes and ensuring data quality remained high. Following this, categorical data
was encoded and data was normalized using StandardScaler. The dataset was then split into training and testing sets
before classification was performed using the Naive Bayes algorithm (Ani et al., 2025; Sari & Supriatna, 2023). The
trained model is then used to make predictions on the test data and evaluated using accuracy, precision, recall, F1-score,
and a confusion matrix. The evaluation results are visualized in the form of class distribution graphs and a confusion
matrix, yielding an accuracy of 97.5%, indicating that the Naive Bayes algorithm is capable of classifying chronic kidney
disease with excellent performance.

2.3. Algoritma Naive Bayes

The Naive Bayes algorithm is a probability-based classification method that uses Bayes’ Theorem to determine the
probability that a data point belongs to a specific class based on its attributes (Chotimah & Rozzaqi, 2023; Gultom et al.,
2026; Rizal et al., 2023). This algorithm assumes that each attribute is independent, making the probability calculation
process simpler and more efficient (Abdussomad et al., 2024; Jannah et al., 2025; Zanis & Ghufron, 2025). The
classification process in Naive Bayes is performed by calculating the probability of a hypothesis based on the observed
data. The algorithm calculates the probability of each class and selects the class with the highest probability value as the
classification result (Chotimah & Rozzagqi, 2023; Faradeya & Subhiyakto, 2025; Rizal et al., 2023).

The Naive Bayes algorithm equation used in this study can be written as follows:

p(X|H)xpH

PHIX) = HE0E (M
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Description:

P(H|X) = the probability of hypothesis H given condition X

P(X|H) = the probability of data X occurring given hypothesis H

P(H) = the probability of hypothesis H

P (X) = the probability of data X

The data normalization equation using StandardScaler can be written as follows:

/ao o

X-u
z =Xt ©)
Description:
a. Z =normalized data
b. X = original data values
c. p=mean of the data
d. o = standard deviation of the data
This study employed the Naive Bayes algorithm because it is capable of processing various medical attributes—
such as blood pressure, blood glucose levels, albumin, and hemoglobin—used in the classification of chronic kidney
disease (Pratiwi & Gama, 2026; Ramadhan, Wibowo, et al., 2025; Wantoro, 2026). In addition to having a fast and simple
computational process, this algorithm also demonstrates good performance in the classification of chronic kidney disease,
making it suitable for supporting early disease detection (Chotimah & Rozzaqi, 2023; Rizal et al., 2023; Wantoro, 2026).

3. RESULTS AND DISCUSSION
3.1. Model Evaluation Techniques

The model evaluation in this study was conducted to assess the performance of the Naive Bayes algorithm in classifying
chronic kidney disease. The evaluation process utilized several performance metrics, including accuracy, precision, recall,
F1-score, and the confusion matrix. These metrics were used to measure the model’s accuracy in making predictions
based on the pre-processed test data. Accuracy is used to measure how well a model classifies data overall. The accuracy
score represents the ratio of the number of data points correctly predicted to the total number of data points tested. The
higher the accuracy score, the better the performance of the resulting classification model (Made et al., 2026).

Precision is used to measure the accuracy of the model’s positive predictions. This metric indicates the proportion
of data classified as positive that actually belongs to the positive class. Recall, on the other hand, is used to measure the
model’s ability to identify all positive data in the dataset. Additionally, the F1-score is used to measure the balance
between precision and recall, thereby providing a more comprehensive picture of the model’s performance.Model
evaluation is also performed using a confusion matrix to determine the number of correct and incorrect predictions
generated by the classification model. The confusion matrix aids in analyzing model performance by providing
information on True Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN). The accuracy
formula can be written as follows:

Accuracy =TP +TNTP +TN + FP + FN 3)
Description:

TP = True Positive
TN = True Negative
FP = False Positive
FN = False Negative
The entire model evaluation process was conducted using the Scikit-Learn library in Python to ensure that the
model performance metrics could be analyzed accurately and systematically.

o o

3.2. Data Cleaning

The initial phase of the study involved analyzing a chronic kidney disease dataset using the Python programming
language. The dataset consisted of 400 patient records with 26 medical attributes, including both numerical and
categorical variables such as age, blood pressure, albumin, random blood glucose, hemoglobin, hypertension, and other
health-related attributes. Initial analysis was performed using the head() and info() functions, along with a check for
missing values, to assess the dataset’s condition prior to preprocessing.

Based on the initial analysis, it was determined that the dataset contained a mix of numerical and categorical
attributes, necessitating preprocessing before model training. Additionally, the missing value check revealed that the
dataset contained no missing data, allowing it to be used directly in subsequent steps. The preprocessing stages were
carried out through data cleaning, removal of the id attribute, encoding of categorical data using LabelEncoder, and data
normalization using StandardScaler. The preprocessing process aims to improve the quality of the dataset so that the
classification model can work optimally.
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Figure 2. Distribution of Kidney Disease by Severity

Figure 2 shows that the data distribution in the chronic kidney disease dataset is imbalanced. Class 0 has the largest
number of data points compared to the other classes, while Class 1 has the fewest. This imbalance in data distribution can
affect the performance of the classification model, particularly its ability to predict the minority class. This condition
causes the model to more easily recognize the majority class than the minority class. Nevertheless, the Naive Bayes
algorithm is still capable of producing excellent classification performance with a high accuracy rate. This indicates that
the preprocessing steps performed help improve the model’s performance in classifying chronic kidney disease.

After the preprocessing was completed, the dataset was split into training and testing data using the
“train_test_split' method with an 80:20 ratio. As a result of this split, there were 320 training data points and 80 testing
data points. The training data was used to train the Naive Bayes model, while the testing data was used to evaluate the
classification model’s performance.

3.3. Results of the Naive Bayes Model Testing

The next step is the model training process using the Naive Bayes algorithm. This algorithm operates based on Bayes’
theorem by calculating the probability of each attribute belonging to a specific class and selecting the highest probability
as the classification result. The algorithm was implemented using the GaussianNB library from Scikit-Learn in
Python.After the model was trained using the training data, a prediction process was performed on the testing data to
assess the model’s ability to classify chronic kidney disease. Test results indicate that the Naive Bayes algorithm achieves
an accuracy of 97.5%. This value demonstrates that the model exhibits excellent classification accuracy in detecting
chronic kidney disease.

In addition to accuracy, the model is evaluated using a classification report to assess its performance across each
classification class. Test results show that the model has high precision, recall, and F1-score values for most classification
classes. However, there is one class with very little data, causing the model to struggle with predictions for that class.
This condition is influenced by the imbalanced data distribution in the chronic kidney disease dataset (Simbolon et al.,
2025).

Confusion Matrix
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Figure 3. Confusion Matrix Naive Bayes
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Figure 3 shows that the Naive Bayes algorithm is highly effective at classifying chronic kidney disease. The model
successfully and accurately predicted 50 CKD cases and 28 non-CKD cases, with prediction errors occurring in only a
small portion of the data. The confusion matrix results indicate that the model has a high classification accuracy rate,
making it well-suited to support the early detection of chronic kidney disease. The confusion matrix results also show
that the model is able to recognize patient data patterns quite well, even though the dataset has an imbalanced class
distribution. The high number of correct predictions compared to incorrect predictions indicates that the Naive Bayes
algorithm is effective for classifying medical data. In addition, the use of preprocessing techniques such as data
normalization and data encoding

3.4. Discussion

The results of the study show that the Naive Bayes algorithm is capable of classifying chronic kidney disease with an
accuracy rate of 97.5%. These results indicate that the research hypothesis is accepted, namely that the Naive Bayes
algorithm can be used as a method for classifying chronic kidney disease with excellent performance. The high accuracy
rate is influenced by the optimal data preprocessing process, ranging from data cleaning and encoding of categorical data
to data normalization using StandardScaler.

The results of this study are consistent with the research conducted by Roy et al., 2021, which found that the Naive
Bayes algorithm performs well in classifying medical data because it performs computations simply while still achieving
a high level of accuracy. Research by Qin et al. (2020) also demonstrates that machine learning algorithms can improve
the diagnosis of chronic kidney disease compared to manual methods. Additionally, research by Ikhsan et al. (2024)
indicates that the Naive Bayes algorithm has a faster training process compared to other classification algorithms.

The difference between this study and previous research lies in the more comprehensive data preprocessing stage.
In this study, we removed unnecessary attributes, checked for missing values, encoded categorical data, and normalized
the data using StandardScaler. Additionally, this study presents visualizations of the classification results using class
distribution plots and confusion matrices, allowing for a more in-depth analysis of the model’s performance. Although it
achieved a high accuracy score, this study still has limitations, particularly regarding the imbalanced distribution of the
dataset. The class distribution results show that one class has very few data points compared to the others. This situation
makes it difficult for the model to recognize data patterns in the minority class. Therefore, future research could employ
data balancing techniques such as SMOTE or other oversampling methods to improve the performance of the
classification model. Overall, the results of the study indicate that the Naive Bayes algorithm can be used as a method for
classifying chronic kidney disease to support early detection. The high accuracy rate of 97.5% demonstrates that the
model is capable of optimally classifying patient data, thereby aiding Al-based decision-making in the healthcare sector.

4. CONCLUSION

Based on the results of the study, it can be concluded that the Naive Bayes algorithm is effective for classifying chronic
kidney disease to support early detection. The study was conducted using the Chronic Kidney Disease dataset, which
consists of 400 patient records with 26 medical attributes. The research process began with data preprocessing, including
data cleaning, removal of unnecessary attributes, encoding of categorical data using LabelEncoder, and data normalization
using StandardScaler, followed by model training and testing using the Naive Bayes algorithm. Based on the model testing
results, an accuracy of 97.5% was obtained, indicating that the model has an excellent classification accuracy in detecting
chronic kidney disease. The confusion matrix results also show that the majority of the data was classified correctly,
suggesting that the Naive Bayes algorithm is effective for medical data classification. Furthermore, this study
demonstrates that the data preprocessing stage plays a significant role in improving the performance of the classification
model. Although it yielded good performance, this study still has limitations, particularly regarding the imbalanced dataset
distribution, where one class has a very small number of data points, which affects the model’s prediction results.
Therefore, future research is expected to address
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