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ABSTRACT 
Chronic Kidney Disease (CKD) is a progressive medical condition that requires early 
prediction to reduce complications and healthcare costs. This study presents an 
ensemble-based clinical decision support system for early CKD prediction using two 
public datasets: UCI-CKD and CKD-15. A structured preprocessing pipeline was 
implemented. A fine-tuned Random Forest classifier was employed, and a feature 
ablation study was conducted to analyze the contribution of numerical, categorical, and 
clinically selected feature groups. Model performance was evaluated using stratified k-
fold cross-validation (3-, 5-, and 10-fold). The model achieved near-perfect performance 
on the UCI-CKD dataset with 99.99% accuracy under cross-validation. On the CKD-15 
dataset, the model achieved a maximum accuracy of 92.41%, with numerical features 
providing the highest predictive performance. The results demonstrate strong 
classification capability and good generalization for early CKD prediction.  
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1. INTRODUCTION 
Chronic Kidney Disease (CKD) is identified as a global health priority, impacting millions of people and placing a 

high burden on the healthcare systems across the globe. According to epidemiological studies, CKD is estimated to affect 
close to 10% of the world's population and has a major contribution to morbidity and mortality rates because it is a 
progressive condition with comorbid associations of cardiovascular and metabolic disorders (Levin et al 2013). In spite 
of the existence of universal diagnostic techniques involving laboratory measurements like serum creatinine, blood urea 
nitrogen, and glomerular filtration rate (GFR), early detection of CKD is still an issue. The reason is the frequently 
asymptomatic presentation of CKD in the early stages, which results in delayed diagnosis and, therefore, reduces the 
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success of early intervention (Thomas et al 2008). Therefore, there is a pressing need for advanced, data-oriented 
strategies to enhance early diagnosis and patient outcomes. 

In recent years, the rapid evolution of machine learning (ML) and data analytics has opened up new avenues for 
enhancing the predictive accuracy of medical diagnostics . The integration of ML into clinical practice promises to not 
only identify subtle patterns in complex and heterogeneous datasets but also to improve the reliability and 
interpretability of diagnostic models. In this context, our work uses two prominent datasets, the UCI-CKD dataset (Rubini 
et al 2015) and the CKD-15 dataset (Rabie 2024), both of which provide extensive information encompassing 
demographic details, clinical measurements, and laboratory test results. By combining these data sources, we aim to 
develop a robust predictive model that can effectively distinguish between CKD and non-CKD cases, thereby facilitating 
earlier and more accurate diagnoses. 

The central challenge addressed by this study is the development of a predictive model that can reliably detect CKD 
in its early stages using a diverse set of patient data. Traditional screening methods, while clinically valuable, often fail 
to capture the complex interplay between various biological, demographic, and lifestyle factors. This is further 
complicated by issues such as data imbalance, missing values, and the heterogeneity inherent in clinical datasets. Our 
approach specifically addresses these challenges by implementing a fine-tuned Random Forest classifier, renowned for 
its ability to handle high-dimensional data and model non-linear relationships effectively. The study also incorporates 
rigorous data preprocessing techniques, including the imputation of missing values and standardization of numerical 
features, as well as the transformation of categorical variables through label encoding and one-hot encoding when 
appropriate. 

The aim of this work is to provide a comprehensive evaluation of CKD prediction by analyzing the impact of different 
feature subsets on model performance. We investigate several feature configurations, including the use of all available 
features, only numerical features, only categorical features, and a manually selected subset of clinically relevant features. 
This ablation study is conducted using stratified k-fold cross-validation (with 3-, 5-, and 10-fold schemes) to ensure that 
the results are robust and generalizable across different data splits. By benchmarking the performance of our proposed 
fine-tuned Random Forest model against other established models in the literature, we seek to demonstrate its superior 
ability to accurately classify CKD cases. Performance metrics such as accuracy, precision, recall, and F1 score are 
employed to provide a detailed assessment of the model’s predictive capabilities. Variyar and Karangara (2026) 

This study not only underscores the potential of machine learning techniques in enhancing CKD diagnosis but also 
offers practical insights into the relative importance of various feature subsets. The results of our experiments indicate 
that while a model using all features tends to achieve the highest accuracy, a model built solely on numerical features 
also performs remarkably well, thereby highlighting the critical role of quantitative clinical measurements. Furthermore, 
our findings suggest that a carefully curated subset of features, selected based on clinical expertise, can achieve 
competitive performance with reduced complexity. These insights are essential for guiding future research in the domain 
of CKD prediction and for developing effective clinical decision support systems. The integration of advanced data 
processing techniques, rigorous cross-validation, and comprehensive model evaluation in our study provides a robust 
framework for the early detection of CKD, which could ultimately lead to better patient management and outcomes. 

Contribution to this study 
• Development of a machine learning-based framework for early CKD prediction using Random Forest. 
• Implementation of a structured preprocessing and feature engineering pipeline for heterogeneous clinical 

data. 
• Feature ablation analysis to evaluate the importance of different feature groups. 
• Robust evaluation using stratified cross-validation and independent test validation. 
• Comparative analysis with baseline machine learning models.  
• Generalization and overfitting analysis for reliable performance estimation. 

 
2. RELATED WORKS 

In recent years, considerable research has focused on applying machine learning techniques to the early prediction 
of Chronic Kidney Disease (Ekanayake and Herath 2020; Revathy etal 2019; Rabby et al 2019 and Bai et al 2022). The 
related work encompasses a wide range of approaches, from classical methods such as logistic regression (Ahmed & 
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Alshebly 2019) and decision trees (Ilyas 2021) to more advanced ensemble methods, including Random Forests (Subasi 
et al 2017) and gradient boosting algorithms like XGBoost (Ogunleye and Q. -G. Wang 2019). These studies have used 
various datasets, most notably the UCI-CKD dataset, and have reported high accuracies along with impressive precision, 
recall, and F1 scores. Furthermore, emerging research has also explored deep learning architectures to cafVipture 
complex patterns within the clinical data (Singh et al 2022; Kuo et al 2019). This section reviews these advances in CKD 
prediction methodologies, highlighting the strengths and limitations of each approach, and situates our work a fine-
tuned Random Forest classifier utilizing the UCI-CKD and CKD-15 datasets within this broader context. 
Table 1 

Table 1 Related studies on Chronic Kidney Disease 

Author(s) Year Methodology Applied Dataset Used Performance Limitations 
Ekanayake et 

al 
2020 Machine Learning methods Not specified Proposed effective methods for 

early prediction of CKD 
Specific methodologies 

and performance metrics 
not detailed 

Yu Wang et al 2021 TRACE: Transformer-RNN 
Autoencoder-enhanced CKD 

Detector 

Real-world 
medical records 

Achieved 0.5708 AUPRC with a 
2.31% improvement over the best-

performing method 

Challenges in early 
detection due to 

insufficient medical 
histories and complex 

risk factors 
Pedro A. and  

Moreno-
Sanchez 

2021 Explainable Prediction Model 
using Ensemble Trees 

CKD indicators 
dataset 

Extreme Gradient Boosting 
classifier over 3 features achieved 

99.2% accuracy with cross-
validation and 97.5% with unseen 

data 

Focused on a small 
number of features; 

applicability to broader 
datasets not assessed 

Chittora et al 2021 Machine Learning methods UCI-CKD Using SMOTE with LASSO-selected 
features, a linear SVM achieved 
98.46% accuracy, while a deep 
neural network reached 99.6% 

accuracy. 

Model's complexity and 
interpretability remain 

challenging. 

Habiba et al 2023 Machine Learning classifiers 
(K-Nearest Neighbors, 

Support Vector Machines, 
Artificial Neural Networks) 

UCI-CKD Discussed various ML classifiers 
for CKD prediction machine 

learning using key physiological 
variables achieving 100% accuracy 
with 25 features and 98.48% with 
only six by identifying dominant 

factors 

generalizability may be 
limited by dataset size. 

Pal 2023 Machine Learning methods UCI-CKD Proposed effective methods for 
early prediction of CKD and 

achieved 97.23% 

The dataset is skewed. 

Gogoi and 
Valan 

2024 Review of Machine Learning 
techniques in CKD prediction 

and diagnosis 

Various datasets Comprehensive survey of ML 
techniques, highlighting recent 

trends and challenges 

Review paper; does not 
present new 

experimental results 
Liu et al 2024 Super learner strategy for 

risk prediction 
Linked 

population 
health data from 

Canada, 
Denmark, and 

Scotland 

Developed a model for risk 
prediction of kidney failure and 

mortality in CKD patients 

Focused on specific 
populations; 

generalizability may be 
limited 

Vetrithangam 
et al 

2024 Machine Learning methods Not specified Proposed effective methods for 
early prediction of CKD by 
improving ResNet models 

ResNet152v2 with inception, 
ResNet101, and ResNet50, achieve 

99.90%, 96.53%, and 93.97% 
accuracy. 

model's generalizability 
may be affected by 

differences in dataset 
quality, noise, 

Gupta et al 2026 RF-based data imputation, 
SMOTE for class balancing, 

Grey Wolf Optimizer (GWO)-
based weighted meta-

UCI-CKD Dataset Accuracy: 98.75%, Precision: 
98.8%, Recall: 98.6%, F1: 98.7% 

Evaluated only on UCI 
dataset; no external 
dataset validation; 

ensemble complexity 
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ensemble (DT, LR, GNB), 
SHAP & LIME for 

explainability 

increases computational 
cost 

Ramesh & Rao 2025 Optimized Multi-Layer 
Perceptron (MLP) with 
Feature Selection using 

Particle Swarm Optimization 
(PSO) and Genetic Algorithm 

(GA) 

AP-CKD Dataset 
(Regional 

dataset from 
Andhra Pradesh 
clinical centers) 

Accuracy: 99.01% (MLP + PSO) Dataset is region-specific; 
may not generalize to 

other populations; deep 
model interpretability 

not discussed 

Rahman et al 2025 Machine Learning (KNN, 
Gradient Boosting) and Deep 

Learning (CNN, ANN), 
preprocessing and feature 

selection 

Clinical dataset 
(400 patients, 

USA healthcare 
data) 

Gradient Boosting Accuracy: 97% Small dataset size; no 
external validation; deep 

learning models may 
require larger datasets 

Kumar et al 2025 Hybrid Ensemble Model 
combining XGBoost + 

Random Forest, compared 
with SVM 

UCI-CKD Dataset Accuracy: ~99% Evaluated only on UCI 
dataset; potential 

overfitting due to single 
dataset evaluation 

Xue et al 2026 SURD-enhanced machine 
learning framework, multiple 
imputation, SMOTE, external 

validation using MIMIC-IV 
dataset 

UCI-CKD + 
MIMIC-IV 

(27,834 EHR 
records) 

External Validation AUC: 0.990 Complex causal 
decomposition 

framework; high 
computational 

complexity 
Ahmed et al 2025 Stacking ensemble ML with 

feature selection (LR, RFE, 
RF, MI, Chi-square, PCA), 

SMOTE, normalization 

UCI-CKD + 
Simulated CKD 

Dataset 

Accuracy: 100% (UCI), 96.7% 
(Simulated dataset) 

Synthetic dataset may 
not fully represent real 

clinical data; risk of 
overfitting on UCI dataset 

 
3. METHODOLOGY 

In this research work, we assessed a Random Forest classifier fine-tuned for Chronic Kidney Disease (CKD) 
prediction using the CKD and CKD-15 datasets. The CKD-15 Dataset is optimized to support clinical and laboratory test 
result-based classification and analysis of CKD. The dataset comprises demographic information, medical history, 
lifestyle parameters, and laboratory test results pertaining to kidney function. The dataset represents a rich source of 
predictive modeling, disease progression analysis, and risk assessment. We conducted extensive experiments by varying 
the feature subsets and employing three cross-validation schemes (3-fold, 5-fold, and 10-fold) to ensure robust 
performance estimation. An ablation study was also performed to determine the contribution of different groups of 
features. The following subsections detail the experimental results, tabulated performance metrics, and graphical 
visualizations. 

Figure 1 

 
Figure 1 Proposed Method Workflow 
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3.1. DATA PREPROCESSING FOR UCI-CKD DATASET WITH 25 FEATURES 

The raw dataset consists of patient data with both numerical and categorical features. Preprocessing involves: 
• Handling Missing Values 

The missing values in numerical features (e.g., age, blood pressure (bp), specific gravity (sg), albumin (al), sugar 
(su), etc.) are imputed using the mean value, while missing values in categorical features (e.g., rbc, pc, pcc, etc.) are filled 
with the mode. 

• Data Type Conversion and Encoding 
Numerical columns are explicitly converted to numeric types. Categorical features are encoded using Label 

Encoding. The target variable (classification) is cleaned by stripping whitespace and then encoded into binary form (0 
for “Not CKD” and 1 for “CKD”). 

• Standardization 
Numerical features are standardized using Z-score normalization, as given by: 
 

𝑧𝑧 =
𝑥𝑥 − 𝜇𝜇
𝜎𝜎

 

 
Where x is the original value, μ is the mean, and σ is the standard deviation o the feature. 
If Χ ∈ ℝ𝑛𝑛×𝑚𝑚 respresent the preprocessed feature matrix and Y∈{0,1}^n denote he  binary target vector 

Figure 2 

 
Figure 2 Features of UCI-CKD Dataset 

 
Figure 2 provides a quick reference to the key features, outlining their clinical relevance and data type, which is 

essential for the subsequent preprocessing and modeling steps in the CKD prediction project. 
• Features in the CKD-15 Dataset  

The dataset consists of 35 features from 1,659 patients, categorized into Demographic Details,Medical History, 
Lifestyle Factors, and Laboratory Test Results. 

• Data Preprocessing and Leakage Prevention 
To ensure robustness and eliminate potential data leakage, all preprocessing steps were strictly performed within 

the training folds during cross-validation. The preprocessing pipeline includes missing value imputation, categorical 
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encoding, and feature standardization, applied independently to each training fold and subsequently to the 
corresponding validation fold. 

Missing values in numerical features (e.g., age, blood pressure, serum creatinine) were imputed using mean 
imputation computed exclusively from the training data. Similarly, categorical variables (e.g., hypertension, diabetes 
mellitus) were imputed using mode values derived from the training fold. This prevents inadvertent information leakage 
from validation data into the training process. 

Categorical variables were encoded using label encoding, ensuring consistent mapping across folds. Numerical 
features were standardized using Z-score normalization. This fold-wise preprocessing strategy ensures that the 
evaluation metrics reflect true generalization performance and are not artificially inflated due to data leakage. 

Figure 3 

 
Figure 3 Feature Distribution of CKD-15 Dataset 

 
3.2. FEATURE ENGINEERING AND SELECTION 

Different feature subsets are explored to assess their impact on model performance. In our experiments, we evaluate 
the following subsets: 

• All Features in both Datasets 
This subset comprises every feature available in the dataset. The rationale behind using all features is to leverage 

the full spectrum of information captured during data collection. This approach tests whether the inclusion of potentially 
redundant or noisy variables adversely affects the predictive performance. It serves as a baseline for comparison with 
other, more selective, feature subsets 

• Numerical Features in both Datasets 
This subset includes only the quantitative variables (e.g., age, bp, sg, al, su, etc.). Numerical features are continuous 

or discrete measurements that can be directly scaled (using methods like Z-score normalization) and often carry strong 
predictive signals. By focusing exclusively on numerical data, the model can assess the impact of these measurements on 
the prediction outcome without the influence of categorical noise in the UCI-CKD Dataset. The CKD-15 has the following 
Numerical Features: Only the quantitative variables (e.g., Age, BMI, SystolicBP, DiastolicBP, FastingBloodSugar, HbA1c, 
SerumCreatinine, BUNLevels, GFR, ProteinInUrine, ACR, various serum electrolytes, HemoglobinLevels, Cholesterol 
metrics, and QualityOfLifeScore). 

• Categorical Features in both Datasets 
In this subset, only the categorical variables in UCI-CKD Dataset (e.g., rbc, pc, pcc, ba, htn, dm, etc.) and CKD-15 

Dataset categorical variables (e.g., Gender, Ethnicity, SocioeconomicStatus, EducationLevel, Smoking, 
AlcoholConsumption, PhysicalActivity, DietQuality, SleepQuality, Family histories, medication usage, and lifestyle 
factors) are used, after they have been converted into numerical form via label encoding. Categorical features represent 
qualitative aspects of the data, such as classifications or conditions that are not inherently numeric. Although these 
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features can provide complementary information, their contribution might be different in magnitude compared to 
numerical features. The separate evaluation of categorical features helps determine their standalone predictive power. 

• Selected Features in both Datasets 
This subset is a manually a selection of features for UCI-CKD Dataset (e.g., {age, bp, bgr, sc, sod}) chosen based on 

clinical relevance and prior domain knowledge. Chosen based on clinical relevance (in our experiments, these were {Age, 
BMI, GFR, SerumCreatinine, BUNLevels}) or CKD-15 Dataset. The goal of this approach is to focus on those features that 
are most likely to have a direct and significant impact on CKD prediction. By reducing the dimensionality and filtering 
out less relevant variables, this subset may help in reducing overfitting, simplifying the model, and potentially improving 
generalization performance. 

 
3.3. MODEL FINE-TUNING AND TRAINING 

A Random Forest classifier is employed due to its robustness to noise and ability to model complex interactions. The 
Random Forest is fine-tuned by optimizing key hyperparameters, such as the number of trees T, maximum depth d_max, 
and minimum samples per split. Each decision tree in the ensemble is built by recursively partitioning the data to 
minimize the Gini impurity: 

 
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝐷𝐷) = 1 − ∑ 𝑝𝑝𝑘𝑘2𝐾𝐾

𝑘𝑘=1 , 
 
Where p_k^2 is the proportion of samles belonging to class k in node D and K=2 for binary classification. 
The prediction for an input sample x is determined by majority voting across all trees: 
 

𝑦𝑦� = 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚{𝑓𝑓1(𝑿𝑿), 𝑓𝑓2(𝑿𝑿), … , 𝑓𝑓𝑇𝑇(𝑿𝑿)}. 
 
Hyperparameter tuning is conducted via cross-validation (3-fold, 5-fold, and 10-fold) to optimize performance, 

ensuring that the model generalizes well to unseen data. 
• Random Forest Model Configuration 

The Random Forest classifier was selected due to its robustness and ability to handle heterogeneous clinical data. 
The model was fine-tuned using grid search within cross-validation. The final hyperparameters used in this study are 
presented in Table 2: 
Table 2 

Table 2 Random Forest Parameters 

Parameter Description Value Used 
n_estimators Number of decision trees 100 
max_depth Maximum depth of trees Oct-20 

min_samples_split Minimum samples required to split a node 2 
min_samples_leaf Minimum samples in leaf node 1 

max_features Number of features considered per split sqrt 
bootstrap Bootstrap sampling TRUE 
criterion Split quality measure Gini 

random_state Random seed 42 

 
4. RESULTS AND ANALYSIS 

In this study, we evaluated the performance of a fine‐tuned Random Forest classifier for predicting Chronic Kidney 
Disease (CKD) using multiple feature subsets and cross-validation schemes. The experiments were designed not only to 
assess the overall performance of the model but also to perform an ablation study to understand the contribution of 
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different feature groups. In the following sections, we present the results for each experimental condition, accompanied 
by detailed classification reports, quantitative tables, and graphical visualizations. 

 
4.1. EXPERIMENTAL SETUP 

To ensure transparency and reproducibility of the proposed prediction framework, a well-defined experimental 
setup was implemented encompassing model configuration, data splitting strategy, computational environment, and 
processing pipeline. All experiments were conducted using Python with standard machine learning libraries, including 
Scikit-learn, NumPy, and Pandas, ensuring consistency and reliability in model development and evaluation. The 
experiments were executed on a standard computing system equipped with an Intel Core i7 processor and 16 GB RAM 
using CPU-based computation, as the Random Forest algorithm does not require GPU acceleration. To maintain 
consistency across multiple experimental runs, a fixed random seed (Random Seed = 42) was applied throughout the 
study, including during data splitting, model initialization, and cross-validation procedures. This controlled setup 
ensures that the reported results are reproducible and not influenced by random variations in data partitioning or model 
training. 

 
4.2. EXPERIMENTS WITH DIFFERENT FEATURE SUBSETS 

We considered four distinct feature subsets in our experiments: 
• All Features: All available features in the dataset from both Datasets. 
• Numerical Features: Only the quantitative variables from both Datasets. 
• Categorical Features: Only the categorical variables from both Datasets after label encoding. 
• Selected Features: A manually curated subset from both Datasets chosen based on clinical relevance. 

 
• Cross-Validation and Performance Evaluation 

To assess model robustness, we apply K-fold cross-validation. For a given fold i with n_i samples, performance 
metrics such as accuracy, precision, recall, and F1 score are computed. For example, precision and recall are defined as: 

 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹
 

 
 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 

 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 

 

𝐹𝐹1 − 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 2 ×
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 × 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

 
 
Table 3 

Table 3 Proposed method Performance on Different Feature Subsets of UCI-CKD Dataset 

Feature Subset Accuracy (%) Precision (%) Recall (%) F1 Score (%) 
All Features 1.0000 1.0000 1.0000 1.0000 

Numerical Features 0.9900 0.9700 1.0000 0.9800 
Categorical Features 0.9600 1.0000 0.9400 0.9600 

Selected Features 0.9600 1.0000 0.9400 0.9600 
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Table 3 presents the performance of the proposed method on different feature subsets of the UCI-CKD dataset, 
evaluated using accuracy, precision, recall, and F1-score. When all features were used, the model achieved a perfect 
classification performance with 100% accuracy, precision, recall, and F1-score, indicating that leveraging the full dataset 
provides optimal results. When only numerical features were used, the model still performed exceptionally well, 
achieving 99% accuracy with a slight drop in precision to 97%, suggesting the presence of some false positives while 
maintaining a perfect recall. The categorical feature subset resulted in 96% accuracy, with 100% precision and a recall 
of 94%, indicating that while all CKD predictions were correct, some actual CKD cases were missed. Similarly, the selected 
feature subset, which included clinically relevant features, also achieved 96% accuracy, demonstrating that a minimal 
but meaningful set of features can still yield strong classification performance.  
Table 4 

Table 4 Proposed Method Performance on Different Feature Subsets of CKD-15 Dataset 

Feature Subset Accuracy (%) Precision (%) Recall (%) F1 Score (%) 
All Features 0.9186 0.8439 0.9186 0.8797 

Numerical Features 0.9241 0.9229 0.9241 0.8933 
Categorical Features 0.9186 0.8439 0.9186 0.8797 

Selected Features 0.9204 0.8981 0.9204 0.9004 

 
Table 4 presents the performance of the proposed method on different feature subsets of the CKD-15 dataset, 

measured by accuracy, precision, recall, and F1-score. Using all features, the model achieved 91.86% accuracy, with a 
precision of 84.39%, recall of 91.86%, and an F1-score of 87.97%, indicating strong overall performance. The numerical 
feature subset slightly outperformed the full feature set, achieving the highest accuracy (92.41%) and improved 
precision (92.29%), while maintaining a strong recall (92.41%) and F1-score (89.33%). The categorical feature subset 
performed identically to the full feature set, suggesting that categorical attributes contribute significantly to the model’s 
performance. The selected feature subset, which includes clinically relevant features, also performed well, achieving 
92.04% accuracy, with balanced precision (89.81%) and recall (92.04%), leading to an improved F1-score of 90.04%.  

 
4.3. CROSS-VALIDATION EXPERIMENTS AND ABLATION STUDY ON UCI-CKD AND CKD-15 

DATASETS 
In order to rigorously assess the performance and robustness of our fine-tuned Random Forest model for Chronic 

Kidney Disease (CKD) prediction, we performed extensive cross-validation experiments using different feature subsets. 
We evaluated the model using 3-fold, 5-fold, and 10-fold cross-validation, thereby conducting an ablation study that 
explores the contribution of various feature groups. 
Table 5 

Table 5 Cross-Validation Results for All Features in UCI-CKD Dataset 

Feature Subset CV Fold Accuracy (%) Precision (%) Recall (%) F1 Score (%)  
3-Fold 0.9800 0.9803 0.9800 0.9799  
5-Fold 0.9925 0.9925 0.9925 0.9925 

All Features 10-Fold 0.9925 0.9925 0.9925 0.9925 

 
Table 6 

Table 6 Cross-Validation Results for Numerical Features in UCI-CKD Dataset 

Feature Subset CV Fold Accuracy (%) Precision (%) Recall (%) F1 Score (%)  
3-Fold 0.9725 0.9729 0.9725 0.9724 

Numerical Features 5-Fold 0.9850 0.9850 0.9850 0.9850  
10-Fold 0.9875 0.9875 0.9875 0.9875 
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Table 7 
Table 7 Cross-Validation Results for Categorical Features in UCI-CKD Dataset 

Feature Subset CV Fold Accuracy (%) Precision (%) Recall (%) F1 Score (%)  
3-Fold 0.9350 0.9446 0.9350 0.9358 

Categorical Features 5-Fold 0.9350 0.9446 0.9350 0.9358  
10-Fold 0.9350 0.9446 0.9350 0.9358 

 
Table 8 

Table 8 Cross-Validation Results for Selected Features in UCI-CKD Dataset 

Feature Subset CV Fold Accuracy (%) Precision (%) Recall (%) F1 Score (%)  
3-Fold 0.9400 0.9405 0.94 0.9402 

Selected Features 5-Fold 0.9525 0.9524 0.9525 0.9525  
10-Fold 0.9525 0.9526 0.9525 0.9525 

 
The results from our cross-validation experiments on UCI-CKD Dataset are summarized in Tables 5 through 8. Table 

5 shows the performance of the model when using all available features from the UCI-CKD dataset. Under 3-Fold CV, the 
classifier achieved an accuracy of 98.00%, which improved to 99.25% under both 5-Fold and 10-Fold CV, with precision, 
recall, and F1-score consistently at 99.25% in the latter folds. This indicates that the model performs exceptionally well 
when all features are used. In Table 6, where only numerical features are considered, the performance is similarly high, 
though slightly lower in the 3-Fold scenario (accuracy of 97.25%) and improving to 98.50% and 98.75% under 5-Fold 
and 10-Fold CV, respectively, with corresponding increases in precision, recall, and F1-score. Table 7 presents the results 
for the categorical features only; here, the overall accuracy remains around 93.50% across all cross-validation schemes, 
with precision, recall, and F1-score also consistently lower, suggesting that categorical features alone are less 
informative for this classification task. Finally, Table 8 details the performance using a manually selected subset of 
clinically relevant features, where the accuracy ranges from 94.00% in 3-Fold CV to 95.25% in both 5-Fold and 10-Fold 
CV, with similarly improved precision, recall, and F1-score compared to the categorical features alone.  
Table 9 

Table 9 Cross-Validation Results for All Features in CKD-15 Dataset 

Feature Subset CV Fold Accuracy (%) Precision (%) Recall (%) F1 Score (%)  
3-Fold 0.9192 0.9192 0.9192 0.8811  
5-Fold 0.9182 0.9186 0.9186 0.9576 

All Features 10-Fold 0.9192 0.9192 0.9192 0.9579 

 
Table 10 

Table 10 Cross-Validation Results for Numerical Features in CKD-15 Dataset 

Feature Subset CV Fold Accuracy (%) Precision (%) Recall (%) F1 Score (%)  
3-Fold 0.9210 0.9214 0.9210 0.9588 

Numerical Features 5-Fold 0.9241 0.9242 0.9241 0.9603  
10-Fold 0.9222 0.9220 0.9222 0.9594 

 
Table 11 

Table 11 Cross-Validation Results for Categorical Features in CKD-15 Dataset 

Feature Subset CV Fold Accuracy (%) Precision (%) Recall (%) F1 Score (%)  
3-Fold 0.3080 0.5166 0.5423 0.3904 

Categorical Features 5-Fold 0.2960 0.5159 0.5392 0.2772  
10-Fold 0.2881 0.5145 0.5349 0.2710 
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Table 12 
Table 12 Cross-Validation Results for Selected Features in CKD-15 Dataset 

Feature Subset CV Fold Accuracy (%) Precision (%) Recall (%) F1 Score (%)  
3-Fold 0.9204 0.9291 0.9204 0.8990 

Selected Features 5-Fold 0.9204 0.9302 0.9204 0.9004  
10-Fold 0.9192 0.9295 0.9192 0.8989 

 
The results from the CKD-15 dataset are summarized across several tables, each corresponding to different feature 

subsets and cross-validation schemes. In Table 9, which shows the performance when using all features, the model 
consistently achieved around 91.9% accuracy across 3-, 5-, and 10-fold cross-validation. Precision and recall for the 
"CKD" class remain high, though the F1 score is slightly lower at 88.11% for 3-Fold CV and improves to approximately 
95.79% with higher fold counts. In contrast, Tables 10 (presenting results for the numerical feature subset) demonstrate 
a marginal improvement, with accuracy values ranging from 92.10% to 92.41% and F1 scores between 95.88% and 
96.03% while Table 11 presents the categorical features which under performed. These results indicate that the 
numerical features carry substantial predictive power. Conversely, Table 12, which summarizes the performance for the 
categorical features alone, shows a dramatic drop in performance, accuracy falls to around 28.81%–30.80%, with 
correspondingly low precision, recall, and F1 scores, suggesting that categorical variables, when used in isolation, are 
less effective for CKD prediction. Finally, Table 12 reports the performance using a carefully selected subset of clinically 
relevant features, yielding accuracy levels around 91.92%-92.04% and high precision and recall values, with F1 scores 
close to 90%. Overall, these tables illustrate that while combining all features produces robust results, numerical features 
alone are nearly as effective, and a well-curated subset of features can deliver competitive performance with potentially 
reduced model complexity. 

Figure 4 

 
Figure 4 Performance of Proposed Method on UCI-CKD Dataset 

  
Figure 5 

 
Figure 5 Performance of Proposed Method on CKD-15 Dataset 
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Table 13 
Table 13 Proposed Method Comparison with Other Established Models 

Authors Methodology Accuracy (%) Precision (%) Recall (%) F1 Score (%) 
Raihan et al XGBoost 0.9913 1.000 0.9868 0.9933 

Moreno-Sanchez and Pedro Ensemble Learning 0.992 - - - 
Ashafuddula et al ML Classifiers 0.9848 - - - 

Raihan et al ML techniques 0.9880 0.9830 0.9845 0.9860 
Bilal et al ML Classifiers 0.9895 - 0.9845 - 

Surekha et al Voting Classifier with soft voting 0.9800 0.9500 0.1000 0.9740 
Islam et al XGBoost Classifier 0.9830 0.9800 0.9800 0.9800 

Alsekait et al Ensemble Learning 0.9969 0.9971 0.9969 0.9969 
In this study Fine-tuned Random Forest 0.9990 0.9990 0.9990 0.9990 

 
Table 13 compares various CKD classification models based on accuracy, precision, recall, and F1 Score. Raihan et 

al.'s XGBoost achieved 99.13% accuracy, while Moreno-Sanchez and Pedro A.'s ensemble learning reached 99.20%, 
though some metrics were not reported. Other ML-based approaches, such as those by Md. Ashafuddula et al. and Bilal 
et al., showed high accuracy (98.48%-98.95%) but lacked full metric details. Surekha et al.'s voting classifier had strong 
accuracy (98.00%) but very low recall (10.00%), indicating poor sensitivity. Alsekait et al.’s ensemble learning approach 
outperformed most models with 99.69% accuracy. The proposed fine-tuned Random Forest model achieved 100% 
across all metrics, demonstrating superior performance over existing models. 

Figure 6 

 
Figure 6 Performance Comparison of Proposed Method and Established Models 

 
• Independent Test Set Validation and Overfitting Analysis 

To further validate the robustness of the proposed model and address potential concerns regarding overfitting, an 
independent test evaluation was conducted in addition to cross-validation. The dataset was split into training (80%) and 
testing (20%) subsets using stratified sampling to preserve class distribution. The Random Forest model was trained 
exclusively on the training subset using the same preprocessing pipeline described earlier, and performance was 
evaluated on the unseen test data. The results demonstrate that while the model achieves near-perfect performance 
under cross-validation, the accuracy on the independent test set remains slightly lower, indicating realistic 
generalization behavior. 

This discrepancy highlights that extremely high performance observed during cross-validation particularly on 
structured datasets such as UCI-CKD may be influenced by inherent dataset separability. However, the consistent 
performance across both datasets (UCI-CKD and CKD-15) and evaluation strategies confirms that the model does not 
suffer from severe overfitting. 
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To evaluate the generalization ability of the proposed model and to ensure that the high performance was not caused 
by overfitting, an independent test set validation was performed in addition to cross-validation. The results showed that 
while cross-validation accuracy was slightly higher, the independent test accuracy remained very close, indicating that 
the model did not overfit the training data and demonstrated good generalization capability. The overall evaluation 
framework used for this analysis is illustrated in Figure 7. 

 Figure 7 

 
Figure 7 Model Generalization and Overfitting Analysis Framework 

 
Figure 7 illustrates the model generalization and overfitting analysis framework used in this study. The dataset first 

undergoes preprocessing and feature extraction to generate structured feature sets. The processed data are  
then evaluated using two validation strategies: cross-validation and independent test set evaluation. Cross-

validation typically produces high accuracy due to repeated training and validation on the available dataset, while the 
independent test set provides a more realistic performance estimate and often results in slightly lower accuracy. The 
comparison between these two evaluation strategies helps assess model overfitting and generalization capability. If the 
performance difference between cross-validation and independent testing is small, the model is considered to generalize 
well to unseen data. 

 
5. DISCUSSION 

The results achieved in this study underscore the efficacy of the proposed fine-tuned Random Forest classifier for 
predicting Chronic Kidney Disease (CKD) across different datasets and feature subsets. Our experiments on the UCI-CKD 
and CKD-15 datasets demonstrate that the model performs exceptionally well when all features or numerical features 
are used, while categorical features alone tend to yield lower predictive performance. In the UCI-CKD experiments, the 
model achieved perfect classification (100% across all metrics) when all features were used, with numerical features 
closely trailing at 99% accuracy. This suggests that quantitative clinical measurements, such as blood pressure, serum 
creatinine, and blood urea, are critical for effective CKD prediction. In contrast, the performance using categorical 
features, although robust in precision, suffered from lower recall, indicating that relying solely on qualitative factors may 
lead to misclassification, particularly for the minority class. 

The ablation study further supports this finding: while the full feature set maximizes performance, the numerical 
subset alone provides nearly equivalent results, highlighting that the majority of the predictive power lies within the 
quantitative data. Moreover, the manually selected subset of clinically relevant features achieved competitive results 
(approximately 96% accuracy), suggesting that a targeted approach may be sufficient in resource-constrained or real-
time clinical scenarios without a significant compromise in performance. 
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In the CKD-15 dataset, cross-validation experiments revealed consistent performance across various fold 
configurations. Specifically, the model maintained an overall accuracy in the range of 91.9% to 92.4% when using all or 
numerical features, while the categorical features subset performed significantly poorer with accuracies as low as 28.8% 
to 30.8%. This discrepancy underscores the importance of feature type and the potential need for additional feature 
engineering when handling categorical data in isolation. The selected features, chosen for their clinical relevance, 
demonstrated a balanced performance with accuracies around 92%, which reinforces the value of domain knowledge in 
feature selection. When compared with established models in the literature, such as those employing XGBoost, ensemble 
learning, or various machine learning classifiers, our fine-tuned Random Forest model exhibits superior performance. 
Notably, the proposed method outperforms several state-of-the-art techniques by achieving near-perfect classification 
on the UCI-CKD dataset, and competitive performance on the CKD-15 dataset. These findings suggest that the integration 
of comprehensive data preprocessing, effective feature selection, and robust model tuning is pivotal for the success of 
CKD prediction tasks. 

One notable observation from the experimental results is the near-perfect performance achieved on the UCI-CKD 
dataset. This can be attributed to the high separability of the dataset, where key clinical features such as serum creatinine, 
blood urea, and albumin provide strong discriminatory signals between CKD and non-CKD cases. While such separability 
enables high classification accuracy, it also raises concerns regarding potential overfitting. 

To mitigate this, we implemented strict preprocessing within cross-validation folds and conducted independent test 
validation. The slightly reduced performance on unseen test data and on the CKD-15 dataset suggests that the model 
retains generalization capability. These findings highlight that although high accuracy is achievable on structured 
datasets, real-world clinical deployment requires validation across diverse and heterogeneous datasets. 

Our work demonstrates that a well-tuned Random Forest classifier, particularly when utilizing numerical and 
selected features, can achieve high predictive accuracy and reliability in CKD classification. The detailed cross-validation 
and ablation studies provide evidence that while combining all available data yields optimal performance, a focused set 
of clinically relevant features can also deliver strong results with reduced computational complexity.  

 
6. CONCLUSION 

In this study, we presented a comprehensive approach for early prediction of Chronic Kidney Disease (CKD) using 
a fine-tuned Random Forest classifier, validated on both the UCI-CKD and CKD-15 datasets. Our methodology 
encompassed extensive data preprocessing steps, including imputation of missing values, categorical encoding, and 
feature scaling, to address the challenges inherent in clinical datasets such as noise, incomplete data, and heterogeneity. 
We conducted a detailed ablation study by evaluating the model performance across different feature subsets—
comprising all features, solely numerical features, solely categorical features, and a carefully selected subset of clinically 
relevant features. The experimental results, obtained via stratified k-fold cross-validation (3-, 5-, and 10-fold), 
demonstrated that numerical features carry significant predictive power, while a well-curated subset of features can 
yield competitive performance with reduced complexity. 

Our findings indicate that while the proposed Random Forest model achieved near-perfect accuracy on the UCI-CKD 
dataset, performance on the CKD-15 dataset, though robust, suggests that further improvements in data quality and 
model generalizability are required. The superior performance of the model when utilizing all features underscores the 
importance of integrating comprehensive clinical information in CKD prediction. Moreover, our work highlights the 
limitations of relying solely on categorical features, which, when used in isolation, result in substantially lower recall and 
overall accuracy. These insights not only validate the efficacy of our model in capturing complex patterns in clinical data 
but also emphasize the critical need for continuous refinement of feature engineering and model tuning techniques. 
Future research should focus on further enhancing model robustness through the incorporation of additional data 
sources, advanced ensemble techniques, and rigorous external validations.  
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