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Abstract: Chronic Kidney Disease (CKD) is a progressive medical disorder that needs to be accurately diagnosed early
to avoid serious complications. The aim of this study is to classify the CKD into five stages (Healthy Kidney, Mild CKD
(Stage 1-2), Moderate CKD (Stage 3), Severe CKD (Stage 4), Kidney Failure (Stage 5)) using a machine learning
technique. A Random Forest (RF) classifier is chosen due to its power and ability to handle high dimension clinical data.
The Synthetic Minority Oversampling Technique (SMOTE) is used to solve the imbalance of classes in the data by
enhancing the representation of minority classes. Moreover, the optimization of hyperparameters is done with the help
of the Grid Search with cross-validation (GridSearchCV) in order to improve the performance and the cross-validation
of the model. It is tested with a large pool of demographic, physiological and biochemical data, while the proposed
structure is under test. The result of the experiment reveals that the optimized model has 94.12 accuracy which indicates
the effectiveness of the model in the multi-class classification of CKD. The results showed that ensemble learning, data
balancing, and systematic hyperparameter tuning can be effectively applied to improve the accuracy of the prediction,
and the model is applicable in clinical decision support systems and early diagnosis.
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. INTRODUCTION

Chronic Kidney Disease (CKD) is a serious condition that occurs at a high frequency in the world, and is characterized
by a gradual loss of kidney function over the years. It affects millions of people worldwide and in the great majority of
cases, it progresses to high stages without any apparent signs or symptoms, which makes early diagnosis and classification
critical for its diagnosis, treatment and management [1]. Stages of CKD are typically defined by clinical symptoms, such
as glomerular filtration rate (eGFR), serum creatinine and other biochemical markers of kidney damage [2]-[6].
Conventional diagnostic approaches are based on manual examination of patients, which may be time-intensive,
subjective and error-prone [7 With the rapid advancement of the data driven technologies, ML technigues provide a
strong support in diagnosis and prognosis of diseases [8]-[15]. ML algorithms, such as ensemble algorithms (e.g. Random
Forest), have proven to be effective in handling high-dimensional and heterogeneous medical data because they are stable
and good at reducing overfitting [17]. However, imbalanced data where some stages of the disease are less common is a
crucial issue for CKD classification. Such an imbalance may cause biased model performance, especially when
performing multi-class classification tasks [18]-[22]. To overcome this problem, the Synthetic Minority Oversampling
Technique (SMOTE) has been commonly used to synthesize minority classes, thus enhancing generalization and
predictive power of the model [23]. Moreover, to maximize the model performance, hyperparameters tuning is necessary.
The GridSearchCV is a useful tool to systematically try out all combinations of parameters until the model with the best
set of parameters is identified [8]. With SMOTE combined with hyperparameter optimization methods, one can achieve
a great improvement in the classification performance of machine learning models [24-25]. This study proposes a multi-
class (CKD stage) classification framework, based on the use of a large clinical dataset, using a Random Forest-based
framework. The model is balanced using SMOTE and hyperparameter tuning is performed on using GridSearchCV. The
results of the experiments show better performance in classification, with high accuracy and reliability, which points to
the potential of the proposed method to be used to support clinical decision-making systems [26-30].

1. LITERATURE SURVEY

The recent developments in machine learning have played a big role in the early diagnosis and classification of chronic
kidney disease (CKD). To improve the predictive performance on clinical data, several supervised learning algorithms
have been studied. The performance of traditional machine learning models like Decision Trees and Support Vector
Machines was moderate with the accuracy being between 80 and 88 percent [31]. It was also found in the study that
feature selection would help in enhancing the results of classification and minimize the complexity of the model. The
performance of ensemble learning methods is better than others methods, particularly the Random Forest (RF) that can
handle with the non-linear and high dimensional data. The authors in [32] showed that RF attained a 90% accuracy and
F1-score of 0.88 in CKD classification tasks. The researchers pointed out that because of summation of many decision
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trees, the overfitting effect is suppressed by RF, thus the prediction of the RF is more robust and consistent than that of
individual classifiers. Class imbalance is one of the important issues in medical datasets that requires attention, especially
in multi-stage classification of CKD. In [33-36] the authors used a technique called Synthetic Minority Oversampling
Technique (SMOTE) so that the dataset is balanced and a significant improvement in model performance would be
achieved. Especially, the accuracy increased to 88% and the F1 score increased to 0.86, which indicates the usefulness
of SMOTE for minority classes. Further, it was revealed from [37] that the proposed combination of SMOTE and
ensemble models could achieve a certain level of accuracy up to 92% and F1-score up to 0.90, which are sufficient
enough to ensure the accuracy of all the CKD stages.

One of the factors that boost performance and generalization of models is hyperparameter optimization. The accuracy
and F1-score were improved to 91 and 0.89 respectively with the help of Grid Search with Cross-Validation
(GridSearchCV) by optimizing the search of the RF parameters in [38-42]. Another finding of this study was that
systematic parameter tuning was helpful for achieving a consistent result on the different folds of the validation data.
With the same thing, [43] reported the accuracy of fine-tuned RF models was around 93 percent and F1-scores of about
0.91, thereby highlighting the importance of optimization techniques in problems of multi-classification. There have been
some recent comparative studies of other machine learning models, such as K-Nearest Neighbors, Naive Bayes and
Gradient Boosting. It has been noted in [44-46] that these models have comparable accuracy between 85% and 91% and
the F1-scores are not as good as RFs. The authors went on to find that RF had a better balance between predictive power
and interpretability.

The more recent literature in 2022-2025 also indicates the need to integrate various techniques to enhance CKD
prediction. For an accuracy of 89-92 percent and an F1 Score of 0.90, a hybrid model that integrates SMOTE, feature
engineering and ensemble learning in [47] was achieved.A hybrid model with SMOTE, feature engineering and ensemble
learning in [49] achieved an accuracy of 89-92 percent and an F1 Score of 0.90. Furthermore, [50] noted that the
incorporation of clinical domain knowledge and the use of machine learning models in the process of classification
improves the reliability and interpretability of the classification. Moreover, [28] reported the difficulties of the multi-
class CKD classification, especially in the differentiation of the intermediate stages, and recommended that the balanced
datasets and optimized models were necessary to achieve a better performance. Studies [51-52] supported the need to
preprocess the data to improve the performance of the model. Finally, as demonstrated by recent studies [24] and [25] a
combination of Random Forest with SMOTE and GridSearchCV is a strong and effective framework with consistent
high accuracy rates (above 90 percent) and high F1-scores, and therefore suitable for real world clinical decision support.

1. RESEARCH GAP AND MOTIVATION

Although machine learning methods have made big strides in the classification of CKD, there are still a number of
research gaps. The existing literature [11], [25] is mainly centered on binary classification or limited-stage prediction,
and there is relatively fewer literature on the stage classification of CKD in multi-classes. Furthermore, most of the
mentioned methods do not consider the class imbalance problem or adopt sub-optimal class balancing techniques leading
to the classification toward the majority classes [13], 14]. Furthermore, despite its investigation, hyperparameter
optimization is not always optimized with class balancing methods [15, 16]. The second limitation is the lack of
uniformity in the way models are evaluated and reported with varying accuracy and F1-scores, not knowing that the
model will generalize to other sets of models [47],[48]. These problems indicate that there is a need for having a single
platform that will yield an acceptable data balancing, model optimization and multi-class classification. These gaps
inspired this study to build an effective and trustworthy CKD classification model based on Random Forest that is
enhanced with the SMOTE and GridSearchCV that guarantees a balanced learning process and better predictive accuracy
at all disease stages.

V. METHODOLOGY

In this section, the proposed methodology for multi-class classification of chronic kidney disease (CKD) is explained,
which involves preprocessing, feature engineering, class balancing, and model optimization, all of which are structured
into a machine learning pipeline. Categoric variables are encoded to numeric variables to be compatible with machine
learning models.

A. Data Description and Encoding

There are 5 stages of CKD as the target variable and demographic, physiological and biochemical Columns in the data
set. The features include numerical and different types variables such as Gender, Diabetes, Hypertension, SmokingStatus
and Family History [53].
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Table I: Data Encoding Scheme-

Feature
Category Features Data Type | Encoding Method
Numerical / |Label Encoding
Demographic  |Age, Gender Categorical |(Gender: 0/1)
Vital Signs BMI, Systolic BP, Diastolic BP, Heart Rate Numerical |No Encoding
Kidney Function|Serum_Creatinine, Blood Urea Nitrogen, eGFR Numerical |No Encoding
Urine Albumin, Urine Protein, Albumin_Creatinine Ratio,
Urine Analysis |Urine Specific_Gravity Numerical |No Encoding
Electrolytes Sodium, Potassium, Calcium, Phosphorus, Chloride, Bicarbonate |Numerical |No Encoding
Hemoglobin, RBC_Count, WBC_Count, Platelet Count,
Blood Profile  |Packed Cell Volume Numerical [No Encoding
Glucose Profile |Blood Glucose Random, Fasting Glucose, HbAlc Numerical |No Encoding
Lipid Profile Cholesterol, Triglycerides Numerical [No Encoding
Protein Levels |Serum Albumin, Total Protein Numerical [No Encoding
Diabetes, Hypertension, Smoking_Status, Label / One-Hot
Medical History |Family History Kidney Categorical |Encoding
Label Encoding
Target Variable |Target Categorical |(Multi-class)
Xcat =>XnumeR" ... (1)

B. Feature Engineering

Pre-processing and Feature engineering: Feature selection and reduction is used to achieve enhanced model accuracy
by using attributes related to the problem, by avoiding duplicates. Crucial clinical features are included, for example:
eGFR, Serum Creatinine, Blood Urea Nitrogen, due to correlation and their significance in the domain of medicine.
Scaling of attributes is performed using standardization.

where x4 and o represent the mean and standard deviation, respectively.

C. Data Cleaning Mechanism

Additional data preprocessing steps like imputation of missing values, removal of noise and outliers are incorporated.
Missing numerical values are imputed using mean or median value, missing categorical values using the mode value.
The Interquartile Range method is utilized to identify outliers:

D. Class Balancing using SMOTE
SMOTE is used to over-sample the minority class to address the imbalance in classes. The generation of synthetic data
is given by:

XneW:Xi +5.(Xnn—xi) ....................... (4)

where x; isa minority instance xnp, IS its nearest neighbor, and 5€[0,1] . This improves class distribution and enhances
model generalization.

E. Model Architecture and Parameters

We choose a Random Forest (RF) as our basic model classifier. RF works by constructing a number of decision trees and
taking a majority vote for the prediction:

© 1JARCCE This work is licensed under a Creative Commons Attribution 4.0 International License 1576


https://ijarcce.com/
https://ijarcce.com/

IJARCCE ISSN (0) 2278-1021, ISSN (P) 2319-5940

m International Journal of Advanced Research in Computer and Communication Engineering
Impact Factor 8.471 :< Peer-reviewed & Refereed journal ::¢ Vol. 15, Issue 5, May 2026
DOI: 10.17148/IJARCCE.2026.155214

N
y =argmax 2 | (hj(x)=c)
o=l (5)
Where hj(x) represents individual tree Predictions. Hyper-parameters of the Random Forest model were optimized by

GridSearchCV in order to increase its classification performance and avoid overfitting. By setting up an appropriate
combination of hyper-parameters during training, this model achieved better stability, prediction rate and performance
shown in Table II.

Table Il: Model Parameters (after GridSearchCV optimization)

Parameter Value
Number of Trees (n_estimators) 100-200
Maximum Depth 10-30
Min Samples Split 2-5
Min Samples Leaf 1-2
Criterion Gini

F. Flow Chart:

The flowchart below indicates the end-to-end workflow of the developed model, i.e. From data collection and pre-
processing, feature engineering to model building, hyperparameter tuning and finally to classification for the predictive
modeling and analysis.

Input Data

‘

Data Cleaning

!

Encoding

l

Feature Engineering

!

SMOTE

!

Random Forest

!

GridSearchCV Optimization

!

Output Classification

Figure 1: Flow Chart of proposed model.

GridSearchCV with k-fold cross-validation is used to find the optimal hyperparameters that is generalized and robust.
The pre-training using SMOTE ensures that the classification will train by balanced class and RF provides a stable and
interpretable prediction. The methods can be successfully applied to CKD multi-class classification, so that the prediction
is accurate and dependable and can be used in clinical decision support systems.
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V. RESULTS

The proposed model has a high level of performance in the multi-class classification of CKD with the ability to
effectively combine preprocessing, class balancing, and hyperparameter optimization. The SMOTE with the
GridSearchCV combination has the capability to enhance the generalization of the model and ensure that all classes make
the same prediction. The findings show that there is better precision, recall, and F1-score which proves the reliability and
the strength of the framework in clinical decision support applications.

A. Result of the Proposed Study

The proposed structure is very useful in the classification of multiple classes of CKD because it integrates all the elements
of Random Forest, SMOTE, and GridSearchCV. The overall accuracy of the model is 94.12, which implies the accuracy
of the model in predicting all stages of CKD. Curves of training and validation error have excellent convergences and
the minimum error was observed with the 87th tree, which shows good generalization and low level of overfitting.
Besides, the model's accuracy is high (0.93), recall is high (0.94) and F1 score is high (0.94), which means that the model
is balanced in classification. Log loss is minimized that is, the confidence in prediction of the probability. A well-balanced
True Positive (TP), True Negative (TN), False Positive (FP) and False Negative (FN) is maintained when evaluating the
classification in order to increase the true Positive Rate (TPR) and the true Negative Rate (TNR) for all classes.

Table 111. Results of the proposed study.

Metric Value
Accuracy 94.12%
Precision 0.93
Recall 0.94
F1-Score 0.94
Training Error 0.1
Validation
Error 0.14
Log Loss 0.21

Performance Metrics for CKD Prediction Model
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Figure 2: Results of proposed study.
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Figure 4: ROC curve for the model.
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B. Comparison of Different Techniques

Decision Tree, Support Vector Machine (SVM), K-Nearest Neighbors (KNN) and Gradient Boosting are some of
the machine learning techniques used in the CKD classification problem. However, these models usually have problems
with having an unbalanced distribution of classes and are sensitive to parameters. Finally, the suggested model, which is
the combination of Random Forest, SMOTE, and GridSearchCV, is more efficient as it is able to handle the imbalanced
data set and simplify the parameters of the model. This combination results in better generalization, stability and
prediction in all CKD stages, and is more predictable than the traditional approach.

Table IV. Table for Comparison of different model.

Decision Tree 85.2 0.84 0.83 0.83
KNN 87.45 0.86 0.85 0.85
SVM 89.1 0.88 0.87 0.87
Gradient Boosting 91.3 0.9 0.9 0.9
Random Forest (Baseline) 92.4 0.91 0.91 0.91
Proposed Method (RF + SMOTE +
GridSearchCV) 94.12 0.93 0.94 0.94
Comparative Performance of Machine Learning Models
for Chronic Kidney Disease (CKD) Prediction
0.913 0,924 0.941
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Figure 6: Comparison of different Model.

C. Ablation Study

An ablation study is used to assess the contribution of each of the elements included in the proposed framework by
removing important elements of the proposed framework, namely, SMOTE and GridSearchCV. The original model of
the Random Forest, which doesn't have improvements, has a relatively poorer performance due to class imbalance and
the parameters. The model is better on minority classes, as seen from the better recall and F1-score with SMOTE.
Additional enhancement can be seen by the use of GridSearchCV that optimizes hyperparameters and improves the
overall model generalization. Both SMOTE and GridSearchCV combine and perform the best, which proves that both
elements are important to enhance the effectiveness and strength of the classification at all stages of CKD.

Table V: Table Ablation Study.

Model Configuration Accuracy (%) | Precision | Recall | F1-Score
Random Forest (Baseline) 90.85 0.89 0.88 0.88
Random Forest + SMOTE 923 0.91 0.92 0.91
Random Forest + GridSearchCV 92.75 0.92 0.91 0.91
Proposed (RF + SMOTE + GridSearchCV) 94.12 093] 094 0.94
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Figure 7: Figure Ablation Syudy.
VI.DISCUSSION

From the methodology used, it can be concluded that the use of pre-processing, balance of classes and ensemble learning
is advantageous for the CKD classification problem. The use of clinical features enables a wide set of features related to
different measures of CKD to be analyzed. With appropriate handling and processing of variables, it is possible to
incorporate both numeric and categorical values in the process of learning effectively.The utilization of SMOTE
algorithm is especially important for medical datasets as it helps resolve problems related to class imbalance. With its
aid, it was possible to be more sensitive towards minority classes in the course of CKD stages. Furthermore, the use of
GridSearchCV with its better parameter tuning capability of the algorithm also provided an improvement in the results.

It is not surprising that RF was selected as the ensemble learning algorithm since it is an algorithm with desirable
properties for medical applications and was able to solve the problem at hand.

Overall, the research reveals that the use of suitable balancing and optimizing methods coupled with ensemble learning
is a suitable approach for the classification of CKD stages.

VIIL. CONCLUSIONS AND FUTURE WORK

From the above research, it was concluded that SMOTE and GridSearchCV is an efficient technique to classify the
CKD stages as multi-class classification using application of random forest. The technique that is proposed can
successfully address the important problems such as class imbalance, heterogeneous features and hyperparameters
optimization. Comprehensive clinical features and preprocessing contribute to increasing the capability of differentiation
among various CKD stages. Balanced learning in all classes is achieved by integrating SMOTE; and GridSearchCV
generalizes the model with optimal parameters. From the results it has been found that the proposed technique is reliable
and can be applied in the implementation of decision making system in clinical practice.Future directions include adding
new components to the existing model such as using deep learning techniques and hybrid models to increase its efficiency.
Moreover, the model could be coupled with real-time clinical practice data. Other improvement methods for the extension
of the model are the use of more sophisticated feature selection and explainable Al models.

LIST OF ABBREVIATIONS USED IN THE STUDY

Abbreviation Full Form
CKD Chronic Kidney Disease
RF Random Forest
SMOTE Synthetic Minority Oversampling Technique
GridSearchCV Grid Search Cross-Validation
ML Machine Learning
Al Artificial Intelligence
eGFR Estimated Glomerular Filtration Rate
BMI Body Mass Index
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BP Blood Pressure

BUN Blood Urea Nitrogen

HbAlc Hemoglobin Alc

RBC Red Blood Cell

WBC White Blood Cell

TP True Positive

FN False Negative
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