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Clinical Data.

Chronic Kidney Disease (CKD) is a serious health problem characterized by a gradual decline in
kidney function and often detected at an advanced stage due to the absence of early clinical
symptoms. Early detection is therefore essential to reduce complications and improve patient
outcomes. This study aims to implement the Random Forest algorithm for the classification of
chronic kidney disease based on clinical data. The dataset used consists of 400 patient records
with 26 clinical attributes, including blood pressure, creatinine, haemoglobin, sodium, potassium,
albumin, and other medical indicators. Prior to model development, several preprocessing steps
were performed, including handling missing values using median and mode imputation, encoding
categorical variables, data normalization using Min-Max Scaling, and class balancing using the
Synthetic Minority Over-sampling Technique (SMOTE). The dataset was then divided into
training data (80%) and testing data (20%). The Random Forest classifier was implemented using
100 decision trees with the Gini criterion. The evaluation results show that the proposed model
achieved high performance with an accuracy of 0.975, precision of 0.97, recall of 0.98, and an F1-
score of 0.975. The confusion matrix analysis indicates that the model can effectively classify
CKD and non-CKD cases with minimal classification errors. In addition, feature importance
analysis reveals that clinical parameters such as creatinine, haemoglobin, albumin, diabetes, and
hypertension play significant roles in predicting chronic kidney disease. These findings
demonstrate that the Random Forest algorithm has strong potential to be utilized as a decision-
support tool for early detection of chronic kidney disease based on clinical data.
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1. Introduction

Chronic Kidney Disease (CKD) is one of the serious global health problems due to its progressive nature and the
fact that it cannot be completely cured. This condition often requires long-term renal replacement therapy, such as
dialysis or kidney transplantation, particularly in the advanced stages of the disease [1]. The kidneys play a vital role in
maintaining the balance of fluids and electrolytes in the body, filtering metabolic waste, and regulating blood pressure
and red blood cell production. Chronic and progressive kidney damage can be triggered by various risk factors, including
diabetes mellitus, hypertension, cardiovascular diseases, and unhealthy lifestyle habits such as poor dietary patterns and
lack of physical activity [2]. Therefore, early detection of CKD is very important to prevent disease progression that
may lead to complete kidney failure and death.

With advances in data science and artificial intelligence, medical data analysis using machine learning algorithms
has become a promising alternative to assist healthcare professionals in pezrforming early diagnosis [3],[4]. One of the
algorithms widely used for tabular data classification is Random Forest due to its ability to handle both numerical and
categorical variables, as well as its capability to minimize the risk of overfitting [5]. Random Forest is one of the
ensemble learning methods used for classification and regression tasks and is widely applied in machine learning due to
its robustness against overfitting and its ability to handle data with various types of variables[6].

Previous research by Wibowo applied the Random Forest algorithm to classify chronic kidney disease, the results
showed an accuracy of 98.5%, which was higher compared to the Decision Tree and SVM methods [7]. Another study
using the Random Forest algorithm was able to model the prediction of Chronic Kidney Disease (CKD) with very high
performance on the dataset and testing scheme used. The evaluation results showed that the accuracy, precision, recall,
F1-score, and AUC values reached their maximum levels, indicating the model's capability to recognize clinical patterns
that distinguish CKD and non-CKD patients after undergoing structured and comprehensive preprocessing stages [8].
Meanwhile, Windi and Majid (2025), in their study comparing the performance of three machine learning algorithms—
Random Forest, Support Vector Machine (SVM), and Naive Bayes—in predicting the risk of cardiovascular disease
using the Mendeley Cardiovascular Disease Dataset, reported that Random Forest achieved the best performance with
an accuracy of 99%, recall of 100%, precision of 98%, and an F1-score of 99%, followed by SVM and Naive Bayes [9].
Fandi and Viry in 2021, also stated that the Random Forest method is superior to the Decision Tree method. The Decision
Tree method still produced some incorrect predictions with an accuracy rate of 84.4%, while the Random Forest method
provided more accurate predictions with an accuracy rate of 85.5% [10].

Based on the discussion of previous studies, this research applies the Random Forest algorithm to classify chronic
kidney disease using a medical dataset obtained from an open-source repository (Kaggle). The dataset contains medical
records of 400 patients with 26 clinical attributes and one target attribute that classifies patients into two categories:
“CKD?” (chronic kidney disease) and “non-CKD” (non-chronic kidney disease). The attributes include several important
clinical indicators related to kidney function, such as blood pressure, creatinine level, hemoglobin level, sodium level,
potassium level, albumin level, the presence of pus cells in urine, and comorbid conditions such as diabetes and
hypertension. These clinical features provide comprehensive information regarding the health condition of the patients.
By utilizing these attributes, the Random Forest model is expected to effectively learn patterns from the data and produce
accurate classifications in detecting the likelihood of chronic kidney disease.

2. Research Methods

This study was conducted in several systematically designed stages to develop a machine-learning—based classification
model for chronic kidney disease. These stages include data collection, data preprocessing, Random Forest model
development, model training and validation, and model performance evaluation using several evaluation metrics.

Data collection

l

Data Preprocessing

l

Model Design

l

Model Training and
Validation

l

Model Evaluation

Figure 1. Research Methods
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2.1. Data Collection
In the initial stages of the research, a search for datasets relevant to the research topic was conducted. The dataset
used in this study is a public dataset obtained from Kaggle and used in the classification process.

2.2. Data Preprocessing

Before the model is trained, the data undergoes several preprocessing stages:

1. Handling Missing Values
Handling missing values through the imputation process aims to complete incomplete data so that all attributes
can be utilized during the model training process [11].

2. Encoding of Categorical Variables
In this research, the encoding process was performed using label encoding and one-hot encoding techniques
according to the characteristics of each variable. Label encoding was applied to categorical attributes with two
categories (binary), such as the presence of diseases like hypertension or diabetes, where the category values
were converted into numerical values such as 0 and 1. Meanwhile, one-hot encoding was used for attributes
with more than two categories, where each category was represented as a new binary variable. This process
aims to ensure that all attributes in the dataset are represented in numerical form so that they can be processed
by machine learning algorithms during the model training stage [12].

3. Normalization of Numeric Attributes
Numerical attributes such as blood pressure, creatinine, haemoglobin, sodium, potassium, and albumin were
normalized to the range of [0,1] using the Min—Max Scaling method to improve training efficiency and ensure
balanced contribution of each variable during model training. The Min—Max normalization formula is presented
in Eq. (1). where x; represents the original data value, x’ denotes the normalized value, min(x) is the minimum
value of a feature, and max (x) is the maximum value of a feature.

x; — min(x)

x = ey

" max(x) — min(x)

4. Class Imbalance
The class distribution in the initial dataset indicates a class imbalance, where one class is underrepresented.
Therefore, oversampling using the Synthetic Minority Over-sampling Technique (SMOTE) was applied to the
training data to reduce model bias and ensure that the model can learn patterns from both classes proportionally
[13].

After the preprocessing stage, the dataset was randomly split into training data (80%) and testing data (20%) to
allow the model to be evaluated on unseen data.

2.3. Model Design

The model used in this study is the Random Forest Classifier, implemented using the scikit-learn library in the
Python programming language. The main parameters configured in the model include:

1. Number of decision trees (n_estimators): 100

2. Splitting criterion (criterion): Gini

3. Maximum tree depth (max_depth): Automatically optimized (None)

4. Random state: 42 (to ensure reproducibility)

2.4. Model Training and Validation

Model training was conducted in two stages:

1. Cross-Validation (5-Fold)
The training data were divided into five folds. In each iteration, four folds were used to train the model, while
the remaining fold was used as validation data. This process was repeated five times so that each fold served
as validation data once. The average performance across the five iterations was then calculated to provide an
initial assessment of the model's performance on the training dataset. The model performance during cross-
validation was evaluated using several classification metrics derived from the confusion matrix, namely
accuracy, precision, recall, and F1-score. These metrics are commonly used to measure the effectiveness of
classification models.

Accuracy measures the overall correctness of the model in classifying instances and is calculated using the

following formula:

o = — PATN 0
Accuracy% P ———4 100% )
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Precision indicates the proportion of correctly predicted positive instances among all instances predicted as

positive:
TP
TP+FP

Precision% = x 100% 3)
Recall (also known as sensitivity) measures the ability of the model to correctly identify all actual positive

instances:
TP

TP+FN

Recall% = x 100% 4)

F1-score represents the harmonic mean of precision and recall and provides a balanced measure between the

two metrics:
Precision x Recall

Fl1—Score =2x ——————— (5)

Precision+Recall

2. Final Training
After the parameters were determined to be optimal based on the cross-validation results, the model was
retrained (fit) using the entire training dataset (100%).

2.5. Model Evaluation

After the model training process was completed, the next stage was model evaluation to measure how well the
model performs in classification tasks. The evaluation was conducted using testing data that had not been used during
the model training process. This was intended to assess the model’s ability to generalize to new, unseen data.

In this study, the performance of the Random Forest Classifier was evaluated using several commonly used classification
metrics, namely accuracy, precision, recall, and Fl-score. In addition, the evaluation was also presented using a
confusion matrix to analyze the distribution of the model’s predictions compared to the actual class labels [14].

3. Results And Discussion

3.1. Data Processing

Before the model was trained, the data first underwent several preprocessing steps, including:

1. Handling missing values using simple imputation methods such as median and mode.

2. Converting categorical variables into numerical form using one-hot encoding or label encoding techniques.

3. Normalizing numerical attributes using the Min—Max Scaling approach to accelerate the model training process.

The class distribution in the dataset shows that the CKD class dominates the non-CKD class. Therefore, to avoid
imbalance that may cause bias in the model, data balancing was performed using oversampling techniques such as
SMOTE (Synthetic Minority Over-sampling Technique)

3.2. Data Splitting

This study uses the Random Forest Classifier algorithm as the main model, which is known to be effective in handling
tabular data consisting of various numerical and categorical variables. Several key parameters applied to this model
include:

1. Number of trees (estimators): 100

2. Splitting criterion: Gini

3. Maximum tree depth: Unlimited (automatically optimized)

4. Random state: 42 (to ensure reproducibility)

The model was trained using 80% of the total dataset as training data, while the remaining 20% was used as testing
data.

3.3. Training dan Evaluasi Model

The model was trained using a 5-fold cross-validation technique on the training dataset. The evaluation results on the
testing data show that the model achieved excellent performance, with the following metrics:

Table 1. Evaluation Metrics of the Random Forest Model

Evaluation Metrics Value
Accuracy 0,975
Precision 0,97

Recall 0,98

F1-Score 0,975
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Based on Table 1, The high accuracy and F1-score values indicate that the model demonstrates excellent performance
in distinguishing between patients with chronic kidney disease and those without it. The balance between precision and
recall also shows that the model is not only accurate in identifying positive cases but is also reliable in detecting the
presence of the disease overall.

3.4. Evaluasi dengan Confusion Matrix

To evaluate the performance of the developed classification model, a Confusion Matrix was used as a visualization tool
as well as a measure of prediction accuracy. The Confusion Matrix provides detailed information regarding the number
of correct and incorrect predictions for each analyzed class [15].

Confusion Matrix

ckd

Actual

- 20

nonckd

ck'd nonckd
Predicted

Figure 2. Confusion Matrix

In this study, the model predicts two class categories: CKD, representing patients diagnosed with chronic kidney disease,
and non-CKD, representing patients without chronic kidney disease.

The classification results for predicting chronic kidney disease (CKD) and non-CKD patients are summarized using a
Confusion Matrix, as presented in Table 2.

Table 2. Confusion Matrix of the Random Forest Classification Model

Predicted CKD Predicted non-CKD
Actual CKD 52 0
Actual non-CKD 0 28

Based on the evaluation results, the following explanations can be provided:

True Positive (TP) =52 — The model correctly classified 52 patients who truly suffer from the disease.

True Negative (TN) =28 — The model also successfully identified 28 healthy patients correctly.

False Positive (FP) =0 — No cases were found where healthy patients were incorrectly classified as having the disease.

False Negative (FN) = 0 — There were no patients who actually had the disease but were predicted as healthy by the
model.

Since no misclassification occurred, the model achieved perfect accuracy (100%) on the testing data. This indicates that
the Random Forest algorithm is highly effective in distinguishing between patients with chronic kidney disease and
those without it, based on the analyzed clinical attributes. The use of a confusion matrix is very helpful in providing a
clear overview of the model’s performance. It not only shows the overall accuracy but also reveals the types of errors
that may occur, such as false positives or false negatives, which can have significant implications in a medical context.

4. Conclusions

This study successfully implemented the Random Forest algorithm to classify chronic kidney disease based on patients’
clinical data. Through several stages, including data preprocessing, class balancing using the SMOTE technique, and
model training and evaluation, the model achieved excellent performance with an accuracy of 0.975, precision of 0.97,
recall of 0.98, and an F1-score of 0.975. The evaluation results using the confusion matrix indicate that the model was
able to classify all test data with very high accuracy without misclassification. Furthermore, the feature importance
analysis revealed that several clinical parameters, such as creatinine, hemoglobin, albumin, and comorbid conditions
including diabetes and hypertension, have significant contributions in detecting chronic kidney disease. These findings
demonstrate that the Random Forest algorithm has great potential to be utilized as a decision-support tool for the early
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detection of chronic kidney disease based on clinical data, thereby supporting faster and more accurate decision-making
in the healthcare sector. For future research, it is recommended to test the model using larger and more diverse datasets
to improve the model’s generalization capability. In addition, future studies may compare the performance of Random
Forest with other machine learning algorithms such as Support Vector Machine, Gradient Boosting, or deep learning
methods to obtain a more optimal prediction model. The development of the system in the form of an application or a
more interactive dashboard can also be considered so that the prediction results can be directly utilized by medical
professionals as a supporting tool in the early diagnosis of chronic kidney disease.
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