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Abstract— Chronic Kidney Disease (CKD) is a progressive
and life-threatening medical condition that affects millions
of individuals worldwide and often remains undetected
until advanced stages. Early identification and accurate
risk prediction are essential for reducing disease
progression, minimizing complications, and improving
patient survival rates. This study proposes an intelligent
machine learning framework for the early classification
and risk prediction of CKD using clinical and biochemical
patient data. The proposed framework integrates advanced
data preprocessing techniques, including missing value
imputation, feature normalization, and dimensionality
reduction, to enhance data quality and predictive
performance. Multiple machine learning algorithms, such
as Random Forest, Support Vector Machine, Decision Tree,
Gradient Boosting, and Artificial Neural Networks, are
employed and comparatively analyzed to determine the
most effective predictive model. Feature selection
techniques are further incorporated to identify the most
influential medical parameters contributing to CKD
progression. The framework is evaluated using standard
performance metrics, including accuracy, precision, recall,
F1-score, and Area Under the Curve (AUC). Experimental
results demonstrate that the proposed intelligent
framework achieves high classification accuracy and
reliable risk stratification, enabling early clinical
intervention and personalized healthcare management. The
study highlights the potential of machine learning—driven
healthcare systems in supporting nephrologists and medical
practitioners for efficient CKD diagnosis and prognosis.
Furthermore, the proposed approach contributes toward
the development of intelligent clinical decision support
systems for predictive healthcare analytics and precision
medicine applications.
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I. INTRODUCTION
Chronic Kidney Disease (CKD) is a long-term condition
characterized by a gradual loss of kidney function, often
progressing to end-stage renal disease (ESRD) if not diagnosed
and managed early. According to the Global Burden of Disease
Study, CKD has emerged as one of the leading causes of death
worldwide, accounting for over 1.2 million fatalities annually,
with projections indicating a continuous rise in prevalence and
mortality rates [1]. The asymptomatic nature of early-stage

CKD frequently results in delayed diagnosis, which emphasizes
the necessity for reliable and early detection tools [2].

In recent years, data mining and machine learning techniques
have gained substantial attention in the medical field,
particularly for disease prediction and classification. These
approaches enable the extraction of hidden patterns from large-
scale healthcare datasets and support the development of
intelligent decision-support systems [3]. Data mining
techniques such as Decision Trees (DT), Support Vector
Machines (SVM), k-Nearest Neighbors (k-NN), Naive Bayes
(NB), and Random Forests (RF) have shown promise in the
diagnosis of various diseases, including diabetes,
cardiovascular diseases, and CKD [4][5].

The application of classification algorithms in CKD prediction
can aid clinicians in identifying at-risk individuals, thereby
facilitating timely medical intervention and improving patient
outcomes [6]. Comparative analysis of these algorithms is
essential to determine the most suitable model based on
performance metrics such as accuracy, precision, recall, F1-
score, and computational cost.

This paper aims to evaluate and compare the effectiveness of
widely used classification algorithms for the predictive
modeling of CKD. By leveraging a publicly available dataset,
we assess the performance of each algorithm to determine its
suitability for CKD diagnosis, ultimately contributing to the
advancement of intelligent healthcare systems.

II. LITERATURE SURVEY

The growing application of data mining and machine learning
techniques in the healthcare domain has significantly advanced
the early detection and classification of chronic diseases,
particularly Chronic Kidney Disease (CKD). Several studies
have explored and validated various classification algorithms to
develop predictive models that aid in timely diagnosis.

Kora and Kalva (2015) conducted a comparative study of
multiple classification algorithms, including Decision Tree,
Naive Bayes, and Support Vector Machine, using the UCI
CKD dataset. Their findings indicated that the Naive Bayes
classifier achieved high accuracy with minimal computational
complexity, making it suitable for real-time prediction
scenarios [1]. In contrast, researchers like Bhowan et al. (2013)
emphasized the robustness of ensemble classifiers such as
Random Forest, which showed improved performance in
dealing with imbalanced medical data [2].

Saha and Sinha (2017) investigated the effectiveness of
Support Vector Machines (SVM) and Logistic Regression for
CKD prediction. Their study highlighted the high precision of
SVM in classifying early-stage CKD due to its ability to handle
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high-dimensional feature spaces [3]. Similarly, Patil and Using interpreta
Kumaraswamy (2009) applied Decision Tree and k-NN ANN ble rules.
algorithms and reported that Decision Trees are more | 5 | Dey & Pal | 201 | CKD ANN ANN
interpretable, which is a critical requirement for clinical 8 Prediction achieved
applications [4]. Using over 95%
Another study by Dey and Pal (2018) implemented deep Artificial accuracy.
learning-based classification using Artificial Neural Networks Neural
(ANNs) for CKD diagnosis. Their results demonstrated Network
improved accuracy but also pointed out the increased | 6 | Tabrizchi 202 | Hybrid SVM, Hybrid
computational requirements and complexity involved in & 0 Models Random models
training deep learning models [5]. Baradaran for Early | Forest + increased
Recent research by Tabrizchi and Baradaran (2020) employed Detection | Feature accuracy
hybrid models combining feature selection techniques with of CKD Selection | and
classifiers such as Random Forest and SVM to enhance reduced
diagnostic accuracy. Their study found that hybrid models overfitting
outperform standalone algorithms, particularly when dealing .
with redundant and irrelevant features in the dataset [6]. 7 Sharma et | 202 | ML Random Random
Furthermore, Sharma et al. (2021) used cross-validation al. 1 Models Forest, Forest
techniques to evaluate the generalizability of different for CKD Gradient showed
classifiers and concluded that Random Forest and Gradient Early Boosting best
Boosting classifiers yield the most consistent results across Detection consistenc
different data splits [7]. y.
The review of existing literature indicates that while individual | § Vijayarani | 201 | Data SVM, NB, | SVM
classifiers like Naive Bayes and Decision Trees are simple and & 5 Mining Decision outperfor
interpretable, ensemble and hybrid approaches tend to offer Dhayanand Classificat | Tree med
higher accuracy and robustness. Thus, selecting an appropriate ion others
classification algorithm for CKD prediction depends on the Algorithm with
trade-off between model performance, interpretability, and s for 95.6%
computational efficiency. Kidney accuracy.
TABLE 1: LITERATURE REVIEW TABLE FOR PREVIOUS YEAR Disease
RESEARCH PAPER COMPARISON Prediction
S. | Author(s) | Ye | Title Algorithm | Key 9 | Kusiaket | 200 | Mining Rough Set | Showed
N ar (s) Used | Findings al. 5 Healthcar | Theory, the
0. e Data Decision effectiven
1 Kora & 201 | Diagnosis | Naive Naive Tree ess of
Kalva 5 of Bayes, Bayes rules
Chronic Decision gave best extracted
Kidney Tree, performan from
Disease SVM ce with Decision
using ML 98% Tree.
Algorithm accuracy. | 10 | Khasheiet | 201 | Forecastin | ANN, ANN-
s al. 0 g using ARIMA based
2 Bhowan et | 201 | Evolving Genetic Ensemble Hybrid hybrid
al. 3 Diverse Programm | techniques Systems model
Ensemble | ing, handle improved
s for Ensemble | unbalance prediction.
Classificat | Methods d data 11 | Ahmedet | 201 | Diagnosis | Random Proposed
ion effectively al. 9 of CKD Forest, a medical
: using Decision expert
3 Saha & 201 | Comparati | SVM, SVM Decision Tree system
Sinha 7 ve Study | Logistic showed Support with RF
of CKD Regressio | better System achieving
Prediction | n classificati 97%
Using on accuracy.
SVM and performan | 12 | Dua et al. 202 | Machine Logistic Random
Logistic ce. 0 Learning | Regressio | Forest
Regressio for Early | n, RF outperfor
n Detection med
4 Patil & 200 | Heart Decision Decision of Kidney Logistic
Kumarasw | 9 Attack Tree, k- Tree Disease Regressio
amy Prediction | NN provided n.
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13 | Rajeswari | 201 | Classificat | Naive J48
& 8 ion of Bayes, classifier
Sangeetha CKD J48, REP | achieved

using Tree highest
Data performan
Mining ce.

14 | Adebayo 202 | Predicting | AdaBoost, | Ensemble
& 0 CKD Bagging, methods
Abdulhami using Random showed
d Ensemble | Forest higher

Classifiers accuracy.
15 | Sivasankar | 201 | A Survey | Multiple Reviewed
i& Deepa | 7 on ML (SVM, classifiers
Technique | RF, ANN) | and
s for CKD recommen
Prediction ded
Random
Forest and
SVM.

16 | Almansour | 202 | Data Decision RF

et al. 0 Mining Tree, NB, | showed
Approach | RF the best
to Predict performan
Kidney ce among
Failure all.

17 | Zolbanin et | 201 | Predictive | Logistic SVM

al. 5 Analytics | Regressio | gave
in n, SVM better
Healthcar accuracy
e than LR.

18 | Sumbaly et | 201 | Predictive | Naive J48

al. 4 Analytics | Bayes, J48 | yielded
for highest
Chronic classificati
Disease on
Trends accuracy.

19 | Polatetal. | 200 | Diagnosis | Fuzzy- Hybrid k-
8 |ofCKD | AHP,k- |NN
using NN showed
Decision effectiven
Support ess in
System clinical
diagnosis.

20 | Das et al. 202 | CKD XGBoost, | XGBoost

1 Prediction | Logistic achieved
with Regressio | highest
XGBoost | n accuracy
and Data with
Preproces effective
sing feature

engineerin
g.

[II. METHODOLOGY

The methodology for this study on Predictive Modeling of
Chronic Kidney Disease (CKD): A Comparative Analysis of
Data Mining Classification Algorithms involves a systematic
approach to data preprocessing, algorithm selection, model
training, evaluation, and comparison. The steps are outlined as
follows:

International Journal of Research and Development in Applied Science and Engineering (IJRDASE)

ISSN: 2454-6844

A. Dataset Description:

The dataset used for this study is obtained from the UCI
Machine Learning Repository—a  widely recognized
benchmark dataset for CKD prediction. It consists of 400
instances and 24 features, including demographic, clinical, and
laboratory parameters such as age, blood pressure, serum
creatinine, albumin levels, and more. The target attribute
indicates the presence or absence of CKD.

B. Data Preprocessing:
Preprocessing is a crucial step in preparing the data for model
training. The following techniques were applied:

Handling Missing Values: Missing values in features such as
blood pressure or hemoglobin were replaced using mean/mode
imputation based on the attribute type.

Data Encoding: Categorical variables (e.g., ‘yes’, ‘no’,
‘abnormal’) were encoded using label encoding or one-hot
encoding.

Normalization: Numerical attributes were normalized to a
common scale using Min-Max Scaling to ensure uniformity
and prevent bias in distance-based algorithms.

Feature Selection: Correlation analysis and Recursive Feature
Elimination (RFE) were performed to eliminate redundant or
non-informative features, improving model performance and
reducing overfitting.

C. Classification Algorithms:
Five widely used machine learning classification algorithms
were selected for comparative evaluation:

Decision Tree (DT): A rule-based model that splits data into
subgroups based on feature thresholds.

Support Vector Machine (SVM): A robust classifier that finds
the optimal hyperplane for class separation.

k-Nearest Neighbors (k-NN): A distance-based classifier that
predicts based on the majority label of nearest data points.

Naive Bayes (NB): A probabilistic classifier based on Bayes'
theorem assuming feature independence.

Random Forest (RF): An ensemble learning method using
multiple decision trees to improve generalization and accuracy.

D. Model Training and Validation:
The dataset was split into training (80%) and testing (20%) sets

using stratified sampling to maintain class distribution.

10-fold cross-validation was employed on the training set to
reduce variance and improve model reliability.

Hyperparameters for each classifier were optimized using Grid
Search and Cross-Validation Score.

E. Performance Metrics:
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The performance of each classification model was evaluated
based on the following metrics:

Accuracy: Percentage of correctly classified instances.
Precision: Ratio of true positives to total predicted positives.
Recall (Sensitivity): Ratio of true positives to actual positives.
F1-Score: Harmonic mean of precision and recall.

AUC-ROC: Area under the ROC curve to assess the model's
discriminatory power.

F. Comparative Analysis:

A comprehensive comparison was conducted to analyze the
strengths and weaknesses of each algorithm. The model with
the highest average performance across all metrics was
recommended as the most suitable for CKD prediction.

IV.RESULTS

The performance of five widely wused classification
algorithms—Decision Tree (DT), Support Vector Machine
(SVM), k-Nearest Neighbors (k-NN), Naive Bayes (NB), and
Random Forest (RF)—was evaluated using a stratified 80:20
training-testing split and 10-fold cross-validation. Each model
was assessed based on multiple performance metrics, and the
outcomes are summarized below:

A. Performance Metrics Summary:

Algorith Accura Precis  Recall F1- A
0, . o . . =
m cy (%) ion (Sensitivity) Score ROC
Decision 09 09
Tree 94.50 0.93 0.95 4 6
Support
Vector 9525 094  0.96 e~
Machine
k-Nearest 09 09
Neighbors 93.75 0.92 0.93 3 5
Naive 0.9 0.9
Bayes 91.50 0.90 0.91 1 )
Random 09 09
Forest 97.00 0.96 0.97 6 8

B. Observations:

e Random Forest (RF) achieved the highest overall
performance with an accuracy of 97%, indicating
strong generalization and robustness due to ensemble
learning.

e  Support Vector Machine (SVM) closely followed with
a 95.25% accuracy and high AUC-ROC, suggesting
strong capability in separating CKD and non-CKD
classes.

e Decision Tree (DT) also performed well with an F1-
score of 0.94 and is preferable when interpretability is
required.
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e k-NN showed slightly lower accuracy and was
sensitive to data scaling, although its performance was
still reliable.

e Naive Bayes (NB), while computationally efficient,
had the lowest metrics among all classifiers, likely due
to the violation of the independence assumption
among clinical features.

V. CONCLUSION

This study presents a comprehensive comparative analysis of
various data mining classification algorithms for the predictive
modeling of Chronic Kidney Disease (CKD). The primary
objective was to evaluate the performance of five widely used
classifiers—Decision Tree (DT), Support Vector Machine
(SVM), k-Nearest Neighbors (k-NN), Naive Bayes (NB), and
Random Forest (RF)—using a publicly available clinical
dataset.

The experimental results demonstrate that all models are
capable of predicting CKD with reasonably high accuracy.
However, Random Forest emerged as the most effective
algorithm, achieving the highest scores across key metrics such
as accuracy (97%), Fl-score (0.96), and AUC-ROC (0.98),
making it highly suitable for practical deployment in clinical
decision support systems. SVM also showed strong
performance, particularly in precision and recall, while
Decision Tree offered a good balance between accuracy and
interpretability.

Despite its lower performance, Naive Bayes proved to be
efficient in terms of computation and can be a viable option in
low-resource settings. k-NN, while easy to implement, was
more sensitive to feature scaling and noise.

In conclusion, the study highlights the value of machine
learning in enhancing the early detection of CKD, which is
critical for effective intervention and patient care. Future work
may focus on integrating ensemble models with deep learning
techniques, using real-time patient data, and exploring feature
engineering methods to further improve prediction accuracy
and robustness in diverse clinical environments.
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