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Abstract: This paper presents a machine learning—based framework for predicting Chronic Kidney
Disease (CKD) using Random Forest and Decision Tree algorithms. The study employs a clinical
dataset of 400 patient records containing 24 physiological attributes such as blood pressure, blood
glucose, serum creatinine, and hemoglobin. After data cleaning, encoding, and normalization, both
models are trained using a 70-30 train-test split. Performance is evaluated through metrics such as
accuracy, precision, recall, and Fl-score. The Random Forest algorithm achieved an accuracy of
98.5%, outperforming the Decision Tree’s 96.7%. The results demonstrate that ensemble methods
significantly enhance diagnostic accuracy, enabling early-stage CKD detection and supporting clinical
decision-making.

Keywords: Chronic Kidney Disease, Random Forest, Decision Tree, Machine Learning, Healthcare
Prediction

I. INTRODUCTION
Chronic Kidney Disease (CKD) is a progressive and potentially fatal medical condition that affects millions globally.
Due to its asymptomatic nature in early stages, it often remains undetected until significant kidney damage occurs.
With the growing digitization of healthcare data, machine learning (ML) offers an efficient solution for early CKD
detection through predictive modeling.
This study explores Random Forest and Decision Tree classifiers for CKD prediction, aiming to develop a reliable and
interpretable system for early diagnosis and clinical decision support.

II. LITERATURE REVIEW

Previous studies highlight the potential of machine learning in healthcare prediction. Farjana ef al. [1] achieved 99%
accuracy using LightGBM, while Wibawa et al. [2] reported 98.1% accuracy through KNN with AdaBoost. Drall ef al.
[3] implemented KNN and Naive Bayes achieving perfect classification. However, these models often rely on complex
ensembles with reduced interpretability.

To maintain a balance between performance and interpretability, this paper focuses on Decision Tree and Random
Forest — algorithms that provide clear decision boundaries, minimal computational complexity, and effective results
for medical data analysis.

III. METHODOLOGY
The methodology comprises the following steps:
Data Collection:
The dataset, sourced from the UCI Repository, includes 400 patient records with 24 attributes such as age, blood
pressure, albumin, and hemoglobin.
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Data Preprocessing:

Missing values are handled using mean/mode imputation, and categorical variables are label-encoded. Normalization
ensures uniform feature scaling.

Feature Selection:

Vital features such as blood pressure, albumin, blood glucose, serum creatinine, and hemoglobin were selected based
on their correlation with CKD.

Model Training:

The dataset is split (70% training, 30% testing). Decision Tree and Random Forest models are trained using the scikit-
learn library in Python.

Evaluation Metrics:

Performance is measured using accuracy, precision, recall, F1-score, and ROC-AUC metrics.

IV. SYSTEM DEMONSTRATION
The developed web application for Chronic Kidney Disease Prediction provides an interactive interface for entering
patient details and predicting the chances of CKD. The system is built using Python (Flask framework) and styled with
Bootstrap, ensuring a user-friendly and responsive design.

Figure 1: Input Interface for CKD Prediction

Figure 1 shows the main interface of the application, where users can input various clinical parameters such as age,
blood pressure, sugar level, albumin, red blood cells, serum creatinine, and other related attributes. Each field
represents an important factor that helps in determining the presence or absence of Chronic Kidney Disease.
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Figure 2: Example of Data Input by User

Figure 2 demonstrates a sample case where the patient’s data has been entered into the system. Once all values are
provided, the model processes them and predicts whether the patient is likely to have CKD. This interface ensures that
users can easily test multiple cases by entering new data.
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Figure 3: Prediction Result Display

After submitting the data, the system displays the result as shown in Figure 3. If the prediction indicates a possible
CKD condition, a clear warning message appears in red. The system also lists all the parameters that are out of the
normal range, helping healthcare professionals identify which specific values need attention.
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V. RESULTS
Model Accuracy Precision Recall F1-score
Decision Tree 96.7%  95.2%  97.5% 96.3%
Random Forest 98.5%  98.9%  98.1% 98.5%
The Random Forest model outperformed the Decision Tree by minimizing overfitting and improving generalization

capability. Ensemble-based learning enhanced diagnostic performance while preserving interpretability, making it
suitable for clinical use.

VI. DISCUSSION
The analysis demonstrates that Random Forest provides higher diagnostic accuracy and stability in predicting CKD.
The ensemble approach reduces variance by combining multiple weak learners, resulting in more robust predictions
than single-tree models.
Random Forest’s interpretability also aids clinicians in understanding which attributes (e.g., albumin, hemoglobin,
blood glucose) have the greatest impact on disease prediction. In comparison, Decision Tree models, though simpler,
are prone to overfitting when trained on small or imbalanced datasets.
The findings are consistent with earlier research [4], [5], [6], where ensemble models and explainable Al improved
CKD prediction accuracy. Furthermore, the high recall value (98.1%) of Random Forest ensures that most CKD-
positive cases are correctly identified, which is crucial for life-saving early intervention.
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This discussion supports the growing evidence that integrating ML algorithms into healthcare systems can assist
physicians in diagnostic decision-making and improve patient outcomes. However, further validation using larger, real-
world datasets and model interpretability frameworks (e.g., SHAP, LIME) remains essential for clinical deployment.

VII. CONCLUSION
This paper concludes that the Random Forest algorithm provides superior accuracy, precision, and robustness
compared to the Decision Tree for CKD prediction. The model can effectively be integrated into clinical decision
support systems to facilitate early detection and treatment.
Future work may focus on integrating deep learning techniques and real-time monitoring systems to enhance prediction
capabilities and scalability.
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