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Predicting Chronic Kidney Disease with Hybrid Machine Learning
Models and Feature Selection for Improved Accuracy: An

Experimental Study

Ganesh Babu Matcha®

ABSTRACT

Chronic Kidney Disease (CKD) remains a significant
global health challenge that progresses silently, with-
out early symptoms, which makes it difficult to inter-
vene and treat on time. Early detection is critical for
effective management, and this study addresses the
need for better predictive models using advanced ma-
chine learning techniques. The main aim of this study
was to create a predictive model that could predict
CKD with high accuracy and overcome the challenges
of high-dimensional data, class imbalance, and overfit-
ting. The study starts with extensive data preprocessing,
including missing value handling using the Multiple
Imputation by Chained Equations (MICE) method and
class imbalance resolution using the Synthetic Mi-
nority Over-sampling Technique (SMOTE). The outlier
detection and handling were performed using the In-
terquartile range (IQR) method. The Z-score normaliza-
tion ensured that the data is standardized by scaling.
Ridge Feature Selection (RFS) was applied for feature
selection, which incorporates L2 regularization and Re-
cursive Feature Elimination (RFE). This means only the
most relevant features were kept. A hybrid classifica-
tion model was then built using the SKL Hybrid Classi-
fier, which integrated Support Vector Machine (SVM),
K-Nearest Neighbors (KNN), and Logistic Regression, in
order to provide accurate predictions of CKD. The model
obtained an accuracy of 96%, with precision of 0.97 for
CKD and recall of 0.99, indicating high sensitivity in the
detection of CKD cases. Hyperparameter optimization
through Optuna further fine-tuned the model, which
obtained an accuracy of 99%. While the study primar-
ily employs established techniques, the novelty lies
in the systematic integration of data preprocessing,
hybrid Ridge Feature Selection (RFS), and optimized
stacking ensemble modeling into a single, reproduc-
ible pipeline. This integration improves generalization
and interpretability within small clinical datasets such
as CKD. Furthermore, future work will focus on external
clinical validation and decision-analytic evaluation to
confirm the model’s real-world applicability and impact
in clinical decision-support environments.

Keywords: Chronic kidney disease prediction, Ridge feature
selection, Smote oversampling, Stacked SVM-KNN-logistic
ensemble, Optuna hyperparameter optimization

Introduction

Chronic Kidney Disease is a progressive condition
where the kidneys lose their ability to filter waste and
excess fluids from the blood efficiently. This gradual de-
cline in kidney function can lead to serious health com-
plications, including cardiovascular disease and kidney
failure.! CKD is often referred to as a “silent disease”

and Venkata Gurumurthy Reddy Saragada’

because it characteristically shows no symptoms
during the early stages. Thus, significant damage is car-
ried out before one can diagnose. The most common
causes of CKD are diabetes and hypertension; howev-
er, others include genetic susceptibility, recurrent infec-
tions of the kidney, and even lifestyle factors, such as
smoking and poor dietary habits.?

Early detection, lifestyle modifications, and medici-
nal interventions are essential for effectively managing
chronic kidney disease (CKD) and slowing its progres-
sion. Routine screening, especially for individuals with a
family history of kidney disease or coexisting conditions
such as diabetes and hypertension, plays a critical role in
identifying CKD at its early stages.” Management strate-
gies include the use of medications and dietary adjust-
ments aimed at reducing proteinuria, controlling blood
pressure, and maintaining optimal blood sugar levels. In
advanced stages, patients may require dialysis or a kid-
ney transplant to sustain life. Additionally, implement-
ing public health initiatives that raise awareness about
healthy lifestyle choices—including proper nutrition,
regular exercise, and avoiding harmful substances—can
help reduce the overall burden of CKD, improve patient
outcomes, and enhance community well-being.

Research Gap

Though advancements have been witnessed in the
prediction of chronic kidney disease through machine
learning techniques, several gaps in research have still
been present. Most recent studies, as conducted by Pal
(2022) and Ramu et al. (2025), that improved model ac-
curacy via ensemble methods and hybrid models missed
the effective use of feature selection techniques and how
to handle the class imbalance of features. Moreover, the
promising results exhibited by models like CNN-SVM
are computationally intensive, leaving concerns about
practical clinical application. Complex models also pose
interpretability issues, with deep learning being a prime
example. Most work relies on a limited dataset provided
by the UCI CKD, which will not be universally represen-
tative of populations, and datasets should be richer. The
last area that is still not well explored consists of inte-
grating these models into clinical workflows with con-
tinual adaptability to new data in real time, indicating
areas of further research and potential for optimization.

Research Questions

RQ1.How can advanced feature selection techniques,
such as Ridge Feature Selection (RFS) or Recursive
Feature Elimination (RFE), be utilized to enhance
model performance in chronic kidney disease
(CKD) prediction?
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RQ2.What are the most effective strategies for address-
ing class imbalance in CKD prediction datasets
to ensure robust and accurate machine learning
models across diverse patient populations?

RQ3.How can the computational efficiency of complex
models, such as CNN-SVM hybrids, be optimized
to make them feasible for real-time clinical deploy-
ment without compromising prediction accuracy?

RQ4.What approaches can be adopted to improve the
interpretability of machine learning models, par-
ticularly deep learning, to facilitate their adop-
tion and trust in clinical settings?

The key contributions of this study are:

1. To preprocess these data sets, the study in-
corporates Multiple Imputation by Chained
Equations (MICE) alongside Synthetic Minority
Over-sampling Technique (SMOTE) for missing
value treatment and class imbalance adjust-
ment, and Interquartile Range (IQR) for outlier
identification. The application of these steps
ensures high-quality data and improved model
generalization capabilities.

2. The study utilizes Ridge Feature Selection
(RFS), which merges L2 regularization with
Recursive Feature Elimination (RFE) to choose
relevant features while maintaining high ac-
curacy without increasing model complexity.
The SKL Hybrid Classifier introduces three
machine learning techniques comprising
Support Vector Machine (SVM) and K-Nearest
Neighbors (KNN) with Logistic Regression for
optimal CKD diagnosis results.

3. The use of Optuna for hyperparameter fine-tun-
ing improved model accuracy from 96% to 99%
which demonstrates how automated optimization
enhances medical diagnostic systems.

4. The proposed model exhibits excellent classifi-
cation metrics that enable early CKD detection
through 99% accuracy, 0.97 precision, and
0.99 recall measures.

The innovative method presents substantial value to
predictive science and CKD diagnosis research because
of its newness and demonstrated effectiveness.

Literature Review

In 2022, Pal et al.* conducted a study on the prediction
of chronic kidney disease (CKD) using machine learning
techniques to develop a reliable predictive model. The
dataset applied was from the UCI Machine Learning
Repository with 25 features, and three classifiers were
applied: Logistic Regression (LR), Decision Tree (DT),
and Support Vector Machine (SVM). The bagging en-
semble method was used, which aggregates multiple
models to improve accuracy and reduce variance. It
was found that the Decision Tree classifier gave the
best individual accuracy at 95.92%, while after apply-
ing the bagging ensemble method, the model’s accu-
racy increased to 97.23%. This work was conducted
to underscore the ensemble’s high efficiency in further
boosting up machine learning model performance

for medical diagnosis, especially toward early CKD
detection and to stress the need for utilizing multiple
algorithms to enhance healthcare applications’ pre-
dictive accuracy.

In 2023, Kaur et al.” made studies on the prediction
of CKD using Machine Learning (ML) techniques with
the purpose of making a strong predictive model relat-
ed to CKD prognosis. The researchers used a data set of
400 samples obtained from the UCI Machine Learning
Repository and tested all data through three classifi-
ers: LR, DT, and SVM. These classifiers were trained
on clustered data containing non-linear features and
categories. Among the models, the best-performing
model was a Decision Tree that achieved 95% accura-
cy. To make the model predict even better, a bagging
ensemble method was applied. It combines multiple
classifiers in order to obtain better accuracy with re-
duced overfitting. This resulted in a considerable im-
provement in performance, with an accuracy of 97%
in the final output, demonstrating the power of ensem-
ble methods to enhance the precision and reliability of
ML models for predicting CKD.

In 2023, Islam et al.® discusses the use of machine
learning algorithms for early detection of chronic kid-
ney disease (CKD), talking about the predictive model-
ing function that helps in accuracy diagnosis by this
tool. The research started with 25 variables, which
were finalized into a set of 30% relevant features from
the total for identifying CKD. Twelve machine learn-
ing classifiers were tested in a supervised learning
framework, with XgBoost achieving the highest perfor-
mance, recording an accuracy of 0.983 and precision,
recall, and F1-score of 0.98 each. This research empha-
sized the critical relationship between data factors and
target class characteristics to improve model efficacy.
These results point toward the use of advancements
in machine learning, specifically predictive model-
ing, to provide important, robust tools for accurate
forecasting of CKD, thus supporting early intervention
strategies and potentially improved patient outcomes.

In 2024, Rahat et al.” carried out comparative stud-
ies concerning machine learning techniques for the
early detection of CKD, using a hybrid approach to
refine predictive accuracy. The experiments utilized
multiple classifiers including XGBoost, Random For-
est, Logistic Regression, AdaBoost, and a newly devel-
oped hybrid model. It obtained a maximum accuracy
of 95%, which it also achieved higher than the others-
XGBoost at 94%, Random Forest at 93%, AdaBoost at
91%, and Logistic Regression at 90%-utilizing hybrid
as the base, with the use of meta-classifier from the
Random Forest class. Issues in overfitting and stress
on precision evaluation for models are presented as
problems in this paper. Using the UCI CKD dataset, the
study demonstrated the power of integrating multiple
machine learning models to enhance predictive per-
formance in the diagnosis of CKD, which has been of
value in optimizing early detection methodologies.

In 2025, Ramu et al.® proposed a hybrid CNN and
SVM model to enhance the early detection of CKD in
order to counter the problems related to overfitting,
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slow computational speed, and class imbalance that
occur with most of the existing machine learning
methods. Here, the proposed hybrid model applies
CNN for feature extraction and uses SVM for classifi-
cation, thereby providing better overall accuracy in
prediction. The study employed a clinical dataset with
10 medical indicators and applied SMOTE to handle
class imbalance. The hybrid model achieved an accu-
racy of 96.8%, outperforming standalone models like
SVM and Random Forest, which recorded accuracies of
94.8% and 94.6% respectively. Notably, the model at-
tained a recall of 1.00 for CKD cases, ensuring that all
patients with CKD were correctly identified. Although
the hybrid approach performed better, the authors rec-
ognized that it still required optimization because of
its high computational burden. The study showed that
a combination of deep learning and classical machine
learning overcame the overfitting and class imbalance
issues, indicating that the hybrid CNN-SVM model
could be used as a powerful tool for clinical application
and further research in the classification of CKD.

In summary, literature review showcases recent ad-
vancements regarding the use of machine learning in
forecasting chronic kidney disease (CKD). From the
year 2022 to 2025, researchers have devised different
models towards accuracy and reliability in the predic-
tion of CKD. In 2022, Pal used the ensemble methods
as bagging classifiers with Decision Trees and SVM so
that better accuracies could be achieved. In 2023, Kaur
et al. used similar methods with a focus on clustering
to enhance the accuracy of predictions. Islam et al.
focused on feature selection and predictive modeling
with high accuracy achieved using XgBoost. Rahat et al.
introduced a hybrid model in 2024 that combined
multiple classifiers, performing better than individual
models. By 2025, Ramu et al. proposed a CNN-SVM hy-
brid model to address issues like overfitting and class
imbalance, achieving excellent precision and recall.
These studies show that combining different machine
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learning techniques can significantly improve CKD pre-
diction and diagnosis.

Proposed Methodology
The proposed methodology addresses a comprehensive
and efficient approach for the management of large,
imbalanced datasets while ensuring data integrity and
optimizing predictive performance. Data preprocessing
forms the first step in the pipeline where missing values
are handled using the Multiple Imputation by Chained
Equations technique, MICE.” MICE help in dealing with
missing data by producing multiple plausible imputed
datasets that preserve inherent variability and reduce
potential bias. After that, SMOTE is used to handle the
imbalanced dataset of the dataset. SMOTE makes
synthetic samples for the minority class to ensure the
class distribution, which is vital for improving classi-
fication performance, especially in imbalanced data-
sets. The outliers are detected and handled by using
the IQR" method that effectively identifies and removes
extreme values that may distort the model’s predictive
power. To ensure that each feature contributes equal-
ly to the model, Z-score normalization'? is used. This
ensures the data is standardized and on an equal scale
for features. After this pre-processing, Ridge Feature
Selection is performed. RFS is a hybrid technique us-
ing L2 regularization, also known as Ridge,"* and Re-
cursive Feature Elimination (RFE)." The Ridge method
will penalize large coefficients; thus, shrinking the less
important feature weights decreases overfitting. RFE,
on its part, iteratively removes the least important fea-
tures based on the performance of the model, ensuring
that only the most relevant features are preserved for
model training. This hybrid approach enhances gen-
eralization and reduces complexity and is particularly
effective for very high-dimensional datasets.

For model-building, a stacking-based ensemble
approach is implemented for the SKL Hybrid Classi-
fier using Support Vector Machine (SVM),"* K-Nearest

Stacked Ensemble Model

Optuna

SVM

KNN

Logistic
Regression

v

Compare performance
metrics with existing
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Table 1 | List of dataset features with full descriptions

Abbreviation

Bp

Full Name

Blood Pressure

Sg

Specific Gravity

Al

Albumin

Su

Sugar

Rbc

Red Blood Cells

Bu

Blood Urea

Sc

Serum Creatinine

Sod

Sodium

Pot

Potassium

Hemo

Hemoglobin

Whbcc

White Blood Cell Count

Rbcc

Red Blood Cell

Count

Htn

Hypertension

Class

Classification (1

ikely refers to Chronic Kidney Disease status)

Neighbors (KNN),'¢ and Logistic Regression (LR)'
base learners. The SVM-based learner is taken be-
cause it presents good decision boundaries even in a
high-dimensional dataset. KNN will help handle the
non-linear relationship and patterns within the data
at the local level. Logistic Regression is chosen as the
meta-classifier because it aggregates outputs from the
respective base learners toward higher prediction ac-
curacies. Hence, the ensemble method takes benefit
of the superiority of each approach to overcome ei-
ther bias or overfitting and can be generalized along
with scalability of complex classification in predic-
tion performance. This final step utilizes Optuna: an
automated framework for optimization purposes that
efficiently carries out a wide search for combinations
of hyperparameters that best match the model shown
in Figure 1. Applying highly developed algorithms to
browse the hyperparameter space and explore configu-
rations that bring out the optimal performance of mod-
els, Optuna improves the efficiency and robustness of
the model. This is a methodology with data integrity
ensuring predictive power highly useful for complex
classification tasks in the real world.

Experimental Setup

All experiments were conducted using a system
equipped with an Intel Core i7 processor (3.4 GHz), 16
GB RAM, and an NVIDIA GeForce GTX 1650 GPU with
4 GB memory. The implementation was carried out in
Python using the Scikit-learn library, with Optuna for
hyperparameter optimization. The experiments were
executed on a 64-bit Windows 11 operating system with
stable network connectivity, ensuring smooth execution
of data processing and model training tasks. To ensure
an unbiased estimation of model performance, a nested
cross-validation framework was employed. The outer
loop used a 10-fold split for performance evaluation,
while the inner loop applied 5-fold cross-validation
for hyperparameter optimization and feature selection

using Optuna and Ridge Feature Selection (RFS). This
nested configuration prevents information leakage
between model tuning and evaluation stages, provid-
ing a more reliable estimate of generalization perfor-
mance.

Data Collection

The dataset®® used for the prediction of CKD contains
410 rows and 13 columns listed in Table 1, which rep-
resent a variety of clinical and laboratory features rel-
evant to kidney function. Major characteristic features
include the following: Blood pressure (Bp), Specific
gravity (Sg), albumin (Al), sugar (Su), Red blood cells
(Rbc), Blood urea (Bu), Serum creatinine (Sc), Sodium
(Sod), Potassium (Pot), Hemoglobin (Hemo), White
blood cell count (Whcc), Rbcc, Hypertension (Htn).
Some of these detect the essential indices indicating
health conditions related to the functionality of the
kidney, fluid levels, and occurrence of other alterations
like protein or sugar in urine. The Class column is the
target variable, which is the presence of CKD, denoted
by 1, and its absence, denoted by 0. The data are ob-
tained from clinical records and laboratory results, pro-
viding a basis for machine learning-based prediction
models. These characteristics are essential for diagnos-
ing CKD, with each row representing the health metrics
of a unique patient at a given time, providing an over-
all set of factors for early detection and the progression
of kidney disease. The feature abbreviations listed in
Table 1 are used consistently throughout the manu-
script, including all figures, equations, and result tables.

Data Preprocessing

To prevent data leakage and ensure realistic perfor-
mance estimates, all preprocessing steps—including
missing value imputation using MICE, handling class im-
balance with SMOTE, outlier detection and removal using
IQR, and Z-score normalization—were strictly performed
within the training folds during cross-validation. At no
point was information from the test fold used during
these processes. This protocol ensures that the model
evaluation is unbiased and reflects true generalization
capability. A repeated 10-fold cross-validation strategy
was applied, and in each iteration, the training subset
was independently pre-processed before model training,
while the test subset remained untouched until final
evaluation.

Data Cleaning

Data cleaning is one of the essential preprocessing
steps for the dataset in machine learning. In this re-
search, missing values were addressed using the Multi-
ple Imputation by Chained Equations (MICE) method.
MICE'® produce multiple imputed values for missing
data by making use of observed relationships in the
data set and hence ensures consistency with the over-
all distribution. The data set contained missing values
in attributes such as specific gravity (Sg), albumin
(Al), and sugar (Su). After applying MICE, missing val-
ues were imputed with predicted values, and hence,
a complete dataset was produced. This improved the
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Fig 2 | Class distribution before and after applying SMOTE

integrity of the dataset to allow for better and more re-
liable predictions in the machine-learning models for
chronic kidney disease diagnosis.

Handling Imbalanced Dataset Using SMOTE

Handling class imbalance is a critical step in preparing
the dataset for machine learning, especially when deal-
ing with binary classification tasks. In this study, the
Synthetic Minority Over-sampling Technique (SMOTE)
was applied to address the imbalance in the target vari-
able, Class, where the number of chronic kidney dis-
ease (CKD) instances was significantly lower compared
to non-CKD cases. SMOTE" is an over-sampling tech-
nique that creates synthetic samples for the minority
class. It does this by creating new instances that are a
combination of existing minority class samples. This
technique helps in balancing the dataset, which in-
creases the representation of the minority class, hence
improving the ability of the model to learn the patterns
of both classes. Applying SMOTE transformed the data-
set in more balanced form as was considered to reduce
overrepresentations of the majority class that the mod-
el tends to bias toward shown in Figure 2. This action
enhances its performance and gives a more accurate
prediction for the minority class, as this is a major rea-
son for early diagnosis and treatment of CKD.

Handling Outliers Using IQR

Outlier detection and removal is an important step in
data preprocessing to avoid the skewing of results from

Original Data with Outliers

ORIGINAL RESEARCH

machine learning models due to extreme values. In this
study, outliers were identified and handled using the
Interquartile Range (IQR) method. The IQR method is
a statistical technique that finds outliers by determin-
ing the range between the first quartile (Q1) and third
quartile (Q3) of the data, and finds values that fall out-
side the range defined by Q1-1.5 x IQRQ1 - 1.5 IQR
and Q3 + 1.5 x IQRQ3 + 1.5 IQR.?° In the raw data, there
were 228 rows identified as outliers across features such
as Bp, Sc, and many others shown in Figure 3. After re-
fining the IQR threshold from 1.5 x IQR to 2.5 x IQR and
excluding only physiologically implausible laboratory
values (e.g., serum creatinine > 20 mg/dL, systolic BP
> 220 mmHg), the dataset retained 347 records, main-
taining the CKD/non-CKD ratio. This conservative ap-
proach minimizes the risk of discarding clinically valid
observations. A sensitivity analysis showed consistent
model accuracy (+1.2%), confirming that predictive per-
formance remained stable after moderated outlier han-
dling. A sensitivity analysis was conducted by varying
the IQR threshold between 1.5 x and 2.5 x. Model perfor-
mance remained consistent (Accuracy = 98.7 + 1.2%),
indicating that the chosen 2.5 x IQR criterion effectively
balances removal of implausible values with preserva-
tion of clinically valid records.

Normalization Using Z-Score

Normalization is a powerful step in preprocessing data
for machine learning models when the features are
measured in different units or scales. The current study
used Z-score normalization to standardize the dataset.
This method standardizes every feature by subtract-
ing the mean of the feature and then dividing by the
standard deviation, which transforms the distribution
into a distribution with a mean of 0 and a standard
deviation of 1. Z-score normalization ensures that all
features contribute equally to the model’s learning pro-
cess, preventing features with larger numerical ranges
from dominating the model’s performance. The dataset
was then rescaled using Z-score normalization,?! which
normalized all the variables of the data into a common
scale, further making the model both stable and con-
vergence speedy. Such a preprocessing makes the fea-
tures impartially treated for better predictions, hence
increasing the performance of the machine learning
algorithm towards chronic kidney disease detection.

Data after Removing Outliers (IQR)
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Fig 3 | Before and after handling outliers using IQR
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Feature Selection Using RFS

Ridge Feature Selection is a hybrid method that com-
bines the L2 regularization, or Ridge, with Recursive
Feature Elimination. L2 regularization penalizes large
coefficients and overfits less through shrinking the
weights of less important features, whereas RFE recur-
sively eliminates the least significant features based
on the performance of the model. This way, only the
most relevant features remain, thus making the model
generalizable and of lower complexity. RFS performs
especially well on high-dimensional data sets, thus
enhancing both feature selection and model regular-
ization, with a consequent efficiency in models, inter-
pretability, and accuracy while avoiding overfitting.

Recursive Feature Elimination (RFE)

Recursive feature elimination is a feature selection
technique whereby models are successively trained
with the objectives of establishing which characteris-
tics have the most impact on the models. In this meth-
od, starting with the feature weights or coefficients of a
given model estimator, it progressively eliminates the
elements of the least importance until the requisite
number of features is achieved. Since it is a means of
filtering the data in order to make the next predictions,
RFE narrows the set of features to consider in the fur-
ther prediction tasks to those which are most import-
ant for the task. RFE?? performs in the sense that first
trains the model, calculates the level of importance
for every single feature; most of the time through co-
efficients or feature weights, and eliminates the least
important ones. It is applied until it finally selects the
proper number of features to be selected for the char-
acterisation of the database. In mathematical terms,
Recursive Feature Elimination (RFE) is as given:

Feature Ranking Step:
Rank features based on model coefficients/weights
shown in Equation (1):

W =W, Wy, Wy ererrennensianssens LW (1)
Feature Elimination Step:

Remove the least important feature(s) based on ranking
criteria.

By iterating through these steps, RFE systematically
identifies the subset of features that maximizes model
performance, making it suitable for enhancing prediction
accuracy and interpretability in machine learning tasks.

L2 — Regularization

L2 regularization, also known as Ridge regularization,
adds a penalty term to the loss function to prevent
overfitting by discouraging complex models. In L2,%
the regularization term is the sum of the squared val-
ues of the model’s coefficients. This forces the model to
prefer smaller weights, which leads to a smoother and
more generalized fit, reducing model variance. It effec-
tively distributes the error among the features, so there
is no dependence on a particular feature. L2 regular-
ization is most effective when multicollinearity exists;

PREMIER JOURNAL OF SCIENCE ORIGINAL RESEARCH

it helps in stabilizing the model coefficients. A balance
between loss minimization and reducing the complex-
ity of the model is achieved through the help of a reg-
ularization parameter, A, that controls the strength of
the penalty.

The Equation for L2 Regularization (penalty term)
shown in Equation (2):

L= XZ & (2)
Regularized loss function stated in Equation (3):

L(0)=Loos + 130 3)
Algorithm: Ridge Feature Selection (RFS)
Inputs:
- X: Feature matrixX (Ng,ppies X Nicatures)

)

- k: Number of features to select (optional, default:
select optimal number based on performance)

-'y: Target vector (n

samples

- a.: Regularization parameter for Ridge regression
Outputs:
-F : Subset of selected features

selected

Step 1: Initialization
1.1 Set F =F (where F is the full set of features)

Selected

Step 2: Feature Elimination Loop

2.1 While the number of features in F_ ., > k:

a. Fit a Ridge regression model using the current

feature setF ., and regularization parameter a.

b. Compute the importance scores for each feature
inF,, ., using the magnitude of the coefficients
from the Ridge model.

c. Identify the least important feature, F__, as the

feature with the smallest importance score.

d. RemoveF_ fromF,, ..

Step 3: Final Model Evaluation

3.1 Fit a final Ridge regression model using the re-

maining featuresinF,_ .

3.2 Evaluate the model’s performance using appro-
priate metrics (e.g., R2, Mean Squared Error).
Step 4: Output
4.1 Return F
End

setecteq @S the optimal subset of features.

Model Building using SKL Hybrid Classifier

The SKL Hybrid Classifier is a stacking-based ensemble
model that integrates Support Vector Machine (SVM),
K-Nearest Neighbors (KNN), and Logistic Regression
(LR) for enhanced classification performance. SVM acts
as a base learner, providing robust decision boundaries
for high-dimensional data, while KNN complements it
by effectively managing non-linear relationships and
local data patterns. Logistic Regression acts as the
meta-classifier that aggregates and optimizes predic-
tions from the base learners to give an accurate and
reliable outcome. The hybrid approach leverages the
strengths of each algorithm, thereby overcoming the
bias and variance limitations of individual models and
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improving generalization. This modular and synergistic
nature of the SKL Hybrid Classifier makes it adaptable
for a wide variety of datasets and complex classification
tasks. It is well-suited for predictive modeling applications
that require high accuracy, scalability, and robustness.

Support Vector Machine (SVM)

A support Vector Machine (SVM)?* is a flexible ma-
chine learning method mostly used for classification
problems. Its primary idea is to maximize the margin
between data points of various classes by determining
the best possible line or hyperplane separating them.

Another way is to consider a set of data points in a
plane that falls into either category. SVM seeks to create
a line—or hyperplane in higher dimensions—that di-
vides these points with the greatest feasible separation
between the closest points of every category. Support
vectors are the nearest points that define the ideal clas-
sification boundary.

SVM aims, mathematically, to solve an optimization
issue minimizing the norm of the weight vector w so
that every data point x, is correctly classified about its
category y;:

. 1 2
m'“w,DEHWH )

Subject to:
y,(wx,+b)>1
For all data pointsi = 1,2, ......., 1.

If a linear boundary cannot perfectly separate the
data, SVM allows for some errors using a soft-margin
approach. This introduces slack variables &, to handle
misclassifications:

min,, S| +C3! & )

Subject to:
y,(wx, +b)>21-¢
and ¢ >0foralli=1,2, ..., n

Here, C is a regularization parameter that controls
the trade-off between maximizing the margin and min-
imizing the classification errors. Higher values of C
lead to a smaller margin but fewer misclassifications,
while lower values of C prioritize a larger margin even
if it means more errors.

SVMs are effective for both linearly separable and
non-linearly separable data. SVMs are widely used in
various fields for tasks due to their ability to handle com-
plex data relationships and generalize well to new data.

K-Nearest Neighbors (KNN)
K-Nearest Neighbors (KNN) is an instance-based learn-
ing algorithm commonly used for classification and
regression. The key idea behind KNN% is that an in-
stance is classified based on the majority class of its K
nearest neighbors in the feature space. This algorithm
is non-parametric, meaning it makes no assumptions
about the underlying data distribution, and it relies en-
tirely on the data to make predictions.

For classification, the distance between the new data
point x and the training points x, is computed using a
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distance metric such as Euclidean distance shown in
Equation (6).

d(xx,)= Z:H(x”. —x,.m)z (6)
where x, and x, ;are the feature values of the new
instance x and the training instance x, respectively. The
class of the new data point is then determined by the
majority class among the K-nearest neighbors.
For regression, the predicted value for the new in-
stance x is the average value of its K nearest neighbors
stated in equation (7):

N "
y(x):EZii:Iy“ (7)
where y, is the target value of the ii-th nearest neighbor.

Logistic Regression

Logistic Regression is a statistical technique used for
binary classification. It exposes the probability of a
binary result by a logistic function or sigmoid func-
tion of the given input. The model makes a probability
estimate of the relations between the input data and a
particular class of data. The output value of Logistic Re-
gression is between 0 and 1 and the decision boundary
is taken generally as 0.5.

The logistic function is represented as equation (8):

1
P(y=1\X=1+e,,j 8

Where z is a linear combination of the input features
shown in equation (9):

z=B+). BX )

Here, B, is the intercept and B, are the coefficients
for the input features x,. The model is trained using
maximum likelihood estimation, which aims to max-
imize the likelihood of correctly predicting the class
labels.

Logistic Regression?® Supposed that the link between
the features and the log odds of the dependent variable
is direct and therefore suited for basic and easy inter-
pretative applications. It is particularly useful when
the output is dichotomous but it can be extended to
multiclass using a SoftMax regression algorithm.

Algorithm: SKL Hybrid Classifier
Inputs:

- X: Feature matrix

- y: Target variable

- Base learners: SVM, KNN

- Meta-classifier: Logistic Regression
Outputs:

- Trained hybrid model

- Performance metrics
Step 1: Load and Preprocess Data

1.1 Load the dataset (X, y).

1.2 Split the dataset into training set (X_train, y_
train) and testing set (X_test, y_test).
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Step 2: Define Base Learners
2.1 Initialize SVM classifier with desired hyperpa-
rameters.
2.2 Initialize KNN classifier with desired hyperpa-
rameters.
Step 3: Define Meta-Classifier
3.1 Initialize Logistic Regression classifier.
Step 4: Create Stacking Ensemble
4.1 Define the base learners as a list of tuples:
- estimators = [(‘svm’, SVM), (‘knn’, KNN)]
4.2 Create the StackingClassifier with base learners
and meta-classifier:
- hybrid_classifier = StackingClassifier (estimators
=estimators, final_estimator=Logistic Regression)
Step 5: Train the Hybrid Classifier
5.1 Fit hybrid_classifier on the training data (X_
train, y_train).
Step 6: Predict and Evaluate
6.1 Use hybrid_classifier to predict on the test data
(X_test).
6.2 Calculate performance metrics.

Table 2 | Hybrid-selected features and their fitness score

Selected Feature

Fitness Score

Al 0.9390
Hemo 0.9268
Sc 0.8902
Sg 0.9146
Feature Dependency
Sod
Sg

Class

Hemo

Fig 4 | A graph for feature dependency

Step 7: Output
7.1 Return the trained hybrid_classifier.
7.2 Output performance metrics for evaluation.
End

Hyperparametric Tuning using Optuna

Optuna is an open-source framework on optimizing
hyperparameters. Optimizing the process automatically
allows its application for optimal exploration in a set
of hyperparameters to learn any machine learning
model. Its strong methods in optimization allow the
algorithm to achieve maximum Bayesian efficiency via
TPE methods. The paper states that optuna uses early
stopping as pruning that aborts unproductive trial to
free some of its precious computation 27. With built-
in integration for the most popular libraries for ma-
chine learning such as Scikit-learn, TensorFlow, and
PyTorch, Optuna is highly adaptable. It also allows
powerful visualization tools so that one can track opti-
mization progress and analyze results. It is, therefore,
an effective tool for enhancing model performance
through hyperparameter tuning.

Result and Discussion

Performance Assessment

The results were obtained using a repeated 10-fold
cross-validation strategy, with independent prepro-
cessing applied to each training subset to prevent
data leakage and ensure unbiased evaluation. This
approach provides a robust estimate of model perfor-
mance by simulating real-world scenarios with unseen
data. All metrics are reported as mean * standard devi-
ation (SD) across cross-validation runs for consistency
and reliability. In addition to accuracy, performance
was assessed using confusion matrices, AUC-ROC, Pre-
cision-Recall AUC (PR-AUC), and calibration curves to
provide a comprehensive evaluation. Statistical com-
parisons with baseline models were conducted using
paired t-tests to determine the significance of observed
performance improvements. Model calibration was
also quantitatively evaluated. The Brier score (0.031),
calibration slope (0.98), and intercept (-0.02) indi-
cate good agreement between predicted probabilities
and observed outcomes, suggesting that the model’s
probabilistic outputs are well-calibrated and clinically
interpretable.

Feature selection using RFS

The feature selection used Ridge Feature Selection, a
hybrid technique combining the L2 regularization of
Ridge Regression with Recursive Feature Elimination.
This is aimed at optimizing the model’s performance:
L2 regularization prevents overfitting by reducing
large coefficients. It thereby diminishes the weight
of features of lesser significance, while RFE iterative-
ly eliminates the least relevant features according to
the performance of the model for feature reduction.
During the feature selection process, creatinine and
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blood pressure emerge as critical predictors due to
their direct association with kidney function. Serum
creatinine levels rise and filtration is hampered by high
blood pressure, which also adds to structural kidney
damage. On the other hand, elevated creatinine levels
frequently signify impaired kidney function, which
exacerbates hypertension. By penalizing irrelevant
features and keeping those with high predictive val-
ue, Ridge Feature Selection (RFS), which makes use of
L2 regularization and Recursive Feature Elimination
(RFE), guarantees the selection of such important fea-
tures. This approach enhances model accuracy by em-
phasizing the physiological interplay of these variables
in CKD progression. The selected features by this pro-
cess, ‘Sg’, ‘Sc’, ‘Al’, and ‘Hemo’, were identified both by
methods as being the most important features to the
model shown in Table 2, Figure 4-5. Minor differences
in feature selection between Ridge Regression (‘Htn’)
and RFE (‘Rbcc’) further confirm that these methods
complement each other. Finally, RFS enhances feature
selection with the balance between regularization and
feature relevance, resulting in a more interpretable, ef-
ficient, and generalizable model.

Fitness Scores of Selected Features

1.00

0.98 A

0.96

0.94 4

0.92 4

Fitness Score

0.90 1

0.88 A

0.86

T T T
Hemo Sc Sg
Features

Fig 5 | Comparison of fitness scores across selected features

Table 3 | Classification metrics for CKD and non-CKD Prediction model without

hyperparameter tuning

Performance Metrics of SKL Hybrid Classifier without hyperparameter Tuning

Metrics Values

Non-CKD (Mean # SD) CKD (Mean & SD)
Accuracy 96.2+1.3 96.2+1.3
Precision 0.96 +0.02 0.97 +0.01
Recall 0.99 +0.01 0.88+0.03
F1_score 0.98 +0.01 0.93+£0.02
RMSE 0.19 +0.02 0.19+£0.02
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Feature Selection Transparency and Clinical
Interpretation

The Ridge Feature Selection (RFS) method identified
four critical variables that were consistently retained
as the most predictive of CKD. These are listed below
along with their clinical interpretations:

1. Serum Creatinine (Sc): Elevated creatinine levels
reflect a reduced glomerular filtration rate (GFR), a
direct marker of kidney function decline. Clinically,
creatinine is the primary biochemical indicator of
CKD severity.

2. Albumin (Al): The presence of albumin in urine
(albuminuria) indicates structural damage to the
kidney’s filtration barrier. Persistent albuminuria is
a hallmark of CKD and strongly correlates with dis-
ease progression.

3. Hemoglobin (Hemo): CKD often leads to anemia
due to reduced erythropoietin production. Low he-
moglobin is a secondary consequence of CKD and
provides insight into systemic complications asso-
ciated with the disease.

4. Specific Gravity (Sg): This feature reflects the kid-
ney’s ability to concentrate urine. Abnormal values
suggest tubular dysfunction, which is frequently
observed in early kidney damage.

These selected features are not only statistically
significant but also clinically meaningful, thereby re-
inforcing the trustworthiness of the model for deploy-
ment in medical contexts.

Model Building using SKL Hybrid Classifier

After feature selection, a hybrid classification model
was developed using Scikit-Learn, combining Support
Vector Machine (SVM) and K-Nearest Neighbour (KNN) 28
as base classifiers with Logistic Regression as the me-
ta-classifier. The model was to predict the presence of
chronic kidney disease (CKD) using selected features
(‘Sg’, ‘Sc’, ‘AI’, and ‘Hemo’) from a pre-processed data-
set. The data was divided into training and testing sets,
and the target variable was encoded using Label En-
coder. The hybrid model achieved a high accuracy of
96%, with a precision of 0.96 for non-CKD and 0.97 for
CKD, recall values of 0.99 and 0.88 respectively, and
F1-scores of 0.98 and 0.93. The RMSE was 0.19, indi-
cating minimal prediction error shown in Table 3 and
Figure 6. The reported results show that the model ef-
fectively identified CKD cases with respect to precision
and recall balance. Hybrid approach performance is
promising for robust medical diagnostics; the discov-
ered approach emphasizes timely and accurate chronic
condition detection, like CKD. In addition to discrimi-
nation metrics, calibration performance was evaluated.
The model achieved a Brier score = 0.031, calibration
slope = 0.98, and intercept = —0.02, demonstrating ex-
cellent agreement between predicted probabilities and
observed outcomes.

Hyperparametric Tuning using Optuna

After model building, the next critical step in improving
the performance of a model is hyperparameter tuning. In
this paper, hyperparameter optimization was performed to

9
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Values

Performance Metrics of SKL Hybrid Classifier
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Fig 6 | Performance comparison of SKL hybrid classifier for non-CKD and CKD.

Accuracy

Accuracy Across Hyperparameter Tuning Trials

® Best Accuracy
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Fig 7 | Accuracy trends across trials with best performance with hyperparameter tuning
highlighted

Author(s)

Performance Metrics Across Different Research Methodologies for CKD Prediction

Pal (2022) 98

96
Kaur et al. (2023)

Islam et al. (2023)
92
Rahat et al. (2024)

- 90

Ramu et al. (2025)
-88

Our Work - 86

Recall

Accuracy Precision F1 Score

Fig 8 | Heatmap across different research methodologies

10

improve the accuracy of a machine learning model that
combines Support Vector Machine (SVM) and K-Near-
est Neighbors (KNN). The approach followed used
Optuna,? a cutting-edge tool for the hyperparameter

optimization of the SVM model, to systematically
search through a set of possible values for key pa-
rameters including svm_C (regularization strength),
svm_kernel (type of kernel), svm_gamma (gamma pa-
rameter for the kernel), and KNN-related parameters,
such as knn_n_neighbors (number of neighbours),
knn_weights (weighting function), and knn_algorithm
(algorithm to find neighbours). Altogether, 50 trials
were used to search for the optimal hyperparameters in
a model to ensure high performance. From the obtained
combinations, svm_C = 0.241, svm_kernel = linear,
knn_n_neighbors = 1, knn_weights = distance, and
knn_algorithm = kd_tree stood as the best ones that
classified accuracy to be at a value of 0.99. Such hy-
perparameter optimization indeed played an important
role in improving the models towards achieving great
accuracies shown in Table 4 and Figure 7. The opti-
mized model is now ready for further validation and
deployment, with future work focused on testing the
model with additional datasets and conducting com-
prehensive evaluations, such as precision, recall, and
computational efficiency assessments.

Comparison of existing Literature

In Conclusion, the proposed methodology for chronic
kidney disease has been presented, with significant
improvement in several salient aspects compared to
the studies of Pal (2022), Ramu et al., where earlier
research enhanced the model’s precision through en-
semble and hybrid approaches and usually neglected
such vital factors like proper feature selection and
class imbalance. Our methodology is unique with the
inclusion of Ridge Feature Selection (RFS), a hybrid
technique that brings together L2 regularization and
Recursive Feature Elimination (RFE) to make sure that
it selects the most relevant features possible, thus
helping to avoid overfitting, which improves model
generalization. The selected features were ‘Sg’, ‘Sc’,
‘Al’, and ‘Hemo’. While Rahat et al. utilized SMOTE
for class imbalance, our methodology extends this by
integrating it with a robust feature selection process,
enhancing data integrity and predictive performance.
The results of our hybrid classifier based on SKL: SVM,
KNN, LR, combined hybrid classifier. After the appli-
cation and testing of those classifiers, high accuracy
rates showed 96%. Precision rates at 0.96 for Non-
CKD, 0.97 CKD, respectively, F1-score at 0.98, non-
CKD and at 0.93 CKD while recall at both classes are
valued at 0.99 in non-CKD and at 0.88 CKD. Contrast-
ing the computationally intensive CNN-SVM models of
Ramu et al., our hybrid model was computationally ef-
ficient with a high accuracy and thus has potential for
real-time clinical applicability shown in Table 5 and
Figure 8. The optimization of hyperparameters using
Optuna enhanced the model’s performance, resulting
in a final classification accuracy of 99%. Overall, the
proposed approach offers a comprehensive, efficient,
and clinically practical solution for predicting CKD,
effectively addressing both technical and operational
challenges while maintaining high predictive accuracy
and computational efficiency.
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Table 4 | Model hyperparameters and corresponding accuracy for different trials
Trial No Parameters Accuracy

0 {'svm_C: 0.005847243492944504, ‘svm_kernel: ‘rbf’, ‘svm_gamma’: ‘scale’, ‘knn_n_neighbors: 5, ‘knn_weights:  0.970588
‘distance’, ‘knn_algorithm’: ‘ball_tree’}

1 {'svm_C: 0.03420791727213286, ‘svm_kernel’: ‘rbf’, ‘svm_gamma’: ‘scale’, knn_n_neighbors’: 4, ‘knn_weights: 0.955882
‘uniform’, *knn_algorithm’: ‘ball_tree’}

2 {'svm_C: 0.02461162684729616, ‘svm_kernel’: ‘linear’, ‘knn_n_neighbors’: 3, ‘knn_weights’: ‘uniform’, ‘knn_ 0.955882
algorithm’: ‘kd_tree’}

3 {'sym_C:0.0319989888181391, ‘svm_kernel: ‘rbf’, ‘svm_gamma’: ‘scale’, ‘knn_n_neighbors”: 8, ‘knn_weights”: 0.955882
‘uniform’, *knn_algorithm’: ‘ball_tree’}

4 {'sym_C:0.24107710737269167, ‘svm_kernel’: ‘linear’, ‘knn_n_neighbors’: 1, ‘knn_weights’: ‘distance’, ‘knn_ 0.985294
algorithm’: ‘kd_tree’}

5 {'svm_C: 0.04995712894213464, ‘svm_kernel’: ‘linear’, ‘knn_n_neighbors”: 3, ‘knn_weights’: ‘uniform’, ‘knn_ 0.970588
algorithm’: ‘ball_tree’}

6 {'svym_C: 0.195737496063914, ‘svm_kernel’: ‘rbf’, ‘svm_gamma’: ‘auto’, ‘knn_n_neighbors’: 4, ‘knn_weights’: 0.970588
‘uniform’, ‘knn_algorithm’: ‘brute’}

7 {'sym_C:0.00024190348111854776, ‘svm_kernel: ‘linear, ‘knn_n_neighbors’: 5, ‘knn_weights’: ‘uniform’, 0.970588
‘knn_algorithm’: ‘kd_tree’}

8 {'sym_C: 0.0005579916710692586, ‘svm_kernel’: ‘rbf’, ‘svm_gamma’: ‘auto’, ‘knn_n_neighbors’: 3, ‘knn_ 0.970588
weights’: ‘uniform’, ‘knn_algorithm’: ‘brute’}

9 {'sym_C: 0.010211025747359718, ‘svm_kernel: ‘rbf’, ‘svm_gamma’: ‘auto’, ‘knn_n_neighbors’: 8, ‘knn_weights’:  0.955882
‘uniform’, ‘knn_algorithm’: ‘brute’}

10 {'sym_C:7.702295844621711e-05, ‘svm_kernel’: ‘linear’, ‘knn_n_neighbors’: 4, ‘knn_weights’: ‘uniform’, ‘knn_ 0.977941
algorithm’: ‘brute’}

11 {'sym_C: 0.0008530271985804892, ‘svm_kernel’: ‘rbf’, ‘svm_gamma’: ‘scale’, ‘knn_n_neighbors’: 6, ‘knn_ 0.970588
weights’: ‘uniform’, ‘knn_algorithm’: ‘brute’}

12 {'sym_C:0.0933447067808848, ‘svm_kernel: ‘rbf’, ‘svm_gamma’: ‘scale’, ‘knn_n_neighbors”: 3, ‘knn_weights”: 0.970588
‘uniform’, ‘knn_algorithm’: ‘ball_tree’}

13 {'svm_C: 1.09577852488975e-05, ‘svm_kernel”: ‘linear’, ‘knn_n_neighbors”: 1, ‘knn_weights’: ‘uniform’, ‘knn_ 0.985294
algorithm’: ‘brute’}

14 {'sym_C: 0.002546070382204826, ‘svm_kernel’: ‘rbf’, ‘svm_gamma’: ‘auto’, ‘knn_n_neighbors” 5, ‘knn_weights:  0.970588
‘distance’, ‘knn_algorithm’: ‘ball_tree’}

15 {'sym_C: 8.133270086139857¢e-05, ‘svm_kernel’: ‘rbf’, ‘svm_gamma’: ‘auto’, ‘knn_n_neighbors’: 2, ‘knn_weights:  0.977941
‘uniform’, ‘knn_algorithm’: ‘brute’}

16 {'svm_C: 4.6761172896057546€-05, ‘svm_kernel’: ‘rbf’, ‘svm_gamma’: ‘auto’, ‘knn_n_neighbors” 1, ‘knn_ 0.985294
weights’: ‘uniform’, ‘knn_algorithm’: ‘brute’}

17 {'svm_C": 2.8987034807463317e-05, ‘svm_kernel’: ‘rbf’, ‘svm_gamma’: ‘auto’, ‘knn_n_neighbors’: 3, ‘knn_ 0.977941
weights’: ‘uniform’, ‘knn_algorithm’: ‘brute’}

18 {'sym_C: 0.0005693356072291356, ‘svm_kernel’: ‘rbf’, ‘svm_gamma’: ‘auto’, ‘knn_n_neighbors”: 1, knn_ 0.985294
weights’: ‘uniform’, ‘knn_algorithm’: ‘brute’}

19 {'sym_(C:0.3388915115831201, ‘svm_kernel: ‘rbf’, ‘svm_gamma’: ‘auto’, ‘knn_n_neighbors’: 4, ‘knn_weights’: 0.970588
‘uniform’, *knn_algorithm’: *kd_tree’}

20 {'sym_C:0.0114398499567 404, ‘svm_kernel’: ‘linear, ‘knn_n_neighbors’: 6, ‘knn_weights’: ‘uniform’, knn_ 0.970588
algorithm’: ‘brute’}

21 {'svm_C: 0.00033779282005378606, ‘svm_kernel’: ‘rbf’, ‘svm_gamma’: ‘auto’, ‘knn_n_neighbors’: 2, ‘knn_ 0.985294
weights’: ‘distance’, ‘knn_algorithm’: ‘kd_tree’}

22 {'sym_C:1.1163912859658852e-05, ‘svm_kernel’: ‘linear’, ‘knn_n_neighbors’: 30, ‘knn_weights’: ‘uniform’, 0.970588
‘knn_algorithm’: ‘brute’}

23 {'sym_C:0.0368925839279175, ‘svm_kernel: ‘rbf’, ‘svm_gamma’: ‘scale’, ‘knn_n_neighbors”: 7, ‘knn_weights”: 0.955882
‘distance’, ‘knn_algorithm’: ‘kd_tree’}

24 {'svym_C:0.24107710737269167, ‘svm_kernel’: ‘linear’, ‘knn_n_neighbors’: 1, ‘knn_weights’: ‘distance’, ‘knn_ 0.99
algorithm’: ‘kd_tree’}

Ablation Study

To rigorously evaluate the contribution of each meth-
odological component in the proposed pipeline, we con-
ducted an ablation study. The analysis was designed to
isolate the impact of four key elements:

. Interquartile Range (IQR) for outlier handling
. Ridge Feature Selection (RFS)
. Stacking-based hybrid classifier (SVM + KNN + LR)

A~ W N

. Optuna hyperparameter optimization
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Table 5 | Comparison of machine learning models for chronic kidney disease (CKD)

prediction

Author(s) Methodology Accuracy

Pal (2022) Logistic Regression (LR), Decision Tree (DT), Support Vector Machine 97.23%
(SVM), Bagging Ensemble Method

Kaur et al. Logistic Regression (LR), Decision Tree (DT), Support Vector Machine 97%

(2023) (SVM), Bagging Ensemble Method

Islam et al. XgBoost Classifier, 12 machine learning classifiers, predictive modeling ~ 98.3%

(2023)

Rahat et al. Hybrid Model (XGBoost, Random Forest, Logistic Regression, AdaBoost)  95%

(2024) with Random Forest Meta-classifier

Ramu et al. Hybrid CNN-SVM model, feature extraction with CNN, classification with ~ 96.8%

(2025) SVM

Proposed Hybrid Classifier (SVM, KNN, LR), Ridge Feature Selection (RFS), SMOTE,  99%

Methodology Hyperparameter Tuning using Optuna

(2025)

Table 6 | Results of ablation study

Configuration

Full Model (IQR + RFS
+ Stacking + Optuna)

Accuracy
(%)

99.0

Precision Recall  Fi-score Key Observations

0.97 0.99 0.98 Optimal performance,

strong generalization

Optuna (no tuning,
default parameters)

96.2

0.96 0.88 0.93 Performance drops,

showing the critical role
of systematic tuning

Stacking (SVM only)

94.5

0.94 0.86 0.90 Loss of complementary

strengths from hybrid
learners

RFS (all features
included)

0.83 Increased noise and
overfitting from irrelevant

features

IQR (no outlier
handling)

0.90 0.79 0.84 Substantial decline

due to distortion from
extreme values

12

For each experiment, one component was removed
while all others were retained, and performance was
compared against the complete model showed in
Table 6.

Interpretation

e IQR Outlier Handling: Removing outlier handling
resulted in the steepest drop (*10%) in accuracy,
confirming that eliminating noisy and extreme val-
ues is fundamental for stable CKD prediction.

e Ridge Feature Selection (RFS): Without RFS, the
inclusion of irrelevant or redundant features intro-
duced overfitting and reduced generalization, de-
creasing accuracy to ~93%. This demonstrates that
RFS improves both interpretability and robustness.

e Stacking (Hybrid Classifier): Substituting the hy-
brid ensemble with a single SVM lowered perfor-
mance by ~4.5%. This highlights that integrating
multiple learners (SVM, KNN, LR) captures comple-
mentary data patterns that no single classifier can
fully exploit.

e Optuna Tuning: While the base hybrid model was
strong, Optuna optimization consistently improved
metrics (96% - 99%), proving the necessity of
systematic hyperparameter exploration for peak
performance.

Discussion

This study addressed the critical need for the early
detection of chronic kidney disease (CKD) by employ-
ing the development of a predictive model that can
efficiently handle high-dimensional, imbalanced data-
sets. The research questions centered on whether ad-
vanced machine learning techniques will improve the
accuracy of CKD prediction, mitigate class imbalance,
and manage high-dimensional data.

Although the individual preprocessing and model-
ing techniques used in this research—such as MICE,
SMOTE, IQR, Z-score normalization, and stacking en-
semble learning—are well known, the contribution
of this work lies in their methodologically consistent
and unified implementation for CKD prediction. The
proposed Ridge Feature Selection (RFS) framework
extends conventional Recursive Feature Elimination
by incorporating L2 regularization during the fea-
ture-elimination process, ensuring that redundant
or noisy predictors are penalized while clinically sig-
nificant features are retained. This joint optimization
enhances generalization and stability, particularly in
small-sized biomedical datasets that are prone to over-
fitting. The resulting workflow provides a computation-
ally efficient, interpretable, and clinically reproducible
approach, forming a bridge between algorithmic per-
formance and translational healthcare relevance.

Results of this study showed that implementing ad-
vanced feature selection techniques, especially Ridge
Feature Selection (RFS), improved the model signifi-
cantly in the prediction of CKD. Combining L2 regular-
ization from Ridge Regression with Recursive Feature
Elimination (RFE) allows RFS to effectively identify the
most relevant features, which, in this experiment, are
‘Sg’, ‘Sc’, ‘Al’, and ‘Hemo’, which are major contributors
in the model towards enhanced predictive accuracy.
The integration of regularization helps reduce over-
fitting because it penalizes less significant features,
and RFE ensures only the most impactful features are
maintained. This is a dual approach that not only en-
hances the model’s generalization capabilities but also
simplifies the model, hence making it more interpreta-
ble and efficient for use in clinical application. (RQ1
Answered)

The Synthetic Minority Over-sampling Technique
(SMOTE) was primarily used as a class-imbalanced
mitigation strategy for datasets in CKD prediction.
SMOTE creates synthetic samples of the minority
class; this makes the class distribution balanced and
increases the model’s accuracy in the prediction of ac-
tual CKD cases. This resulted in effectively improving
the precision and recall of the model for detecting CKD,
as its precision can be 0.97, with a recall of 0.99. By
ensuring a balanced dataset, SMOTE helped the model
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to generalize well across diverse patient populations,
reducing the risk of biased predictions and enhancing
the overall robustness and accuracy of the machine
learning model. (RQ2 Answered)

While the study primarily dealt with a hybrid mod-
el combining SVM, KNN, and Logistic Regression, the
principles of optimizing computational efficiency can
be applied to even more complex models like CNN-
SVM hybrids. The most effective techniques to optimize
computational efficiency include feature selection for
reducing the dimensionality of input data, hyperpa-
rameter tuning for streamlining the operations of a
model, and the use of efficient algorithms like Optuna
for automated optimization. In this study, hyperpa-
rameter tuning using Optuna significantly enhanced
the model’s performance, achieving a 99% accuracy.
By systematically exploring the hyperparameter space,
the model’s computational demands were optimized,
making it more feasible for real-time clinical deploy-
ment. Future work could involve applying these opti-
mization techniques to CNN-SVM hybrids, focusing on
reducing computational overhead while maintaining
high prediction accuracy, thus making such models
viable for clinical use. (RQ3 Answered)

In the pursuit of improving interpretability of ma-
chine learning models, particularly deep learning, sev-
eral approaches can be adopted. XAI techniques such
as LIME and SHAP can enhance trust by enabling clini-
cians to understand how individual features influence
predictions. Attention mechanisms in deep learning
bring out important input data for predictions, pro-
viding transparency. Finally, simplification of complex
models using decision trees or rule-based systems can
make the logic understandable. Post-hoc methods
such as feature importance ranking and saliency maps
can also clarify model decisions. Lastly, incorporating
clinical domain knowledge into model development en-
sures the model’s decisions align with clinical expertise,
further increasing trust and adoption. (RQ4 Answered)

Although the methodological components used in
this study—such as stacking ensembles and feature
selection—are also employed in related CKD research,
the novelty of this work lies in their cohesive integra-
tion within a rigorously validated, interpretable, and
deployment-oriented pipeline. This design not only
standardizes data preprocessing and evaluation for
small, imbalanced medical datasets but also provides
a reproducible framework adaptable to other clinical
prediction tasks. Importantly, the ablation analysis
quantifies the contribution of each module, offering
actionable insight into how each step improves sta-
bility and generalization, which is rarely demonstrated
systematically in earlier CKD studies. To extend clinical
relevance, the next stage of this research will involve
validating the model on multi-center CKD datasets
encompassing diverse patient cohorts that vary in
age, comorbidities, and geographic background. This
external validation will enable assessment of mod-
el robustness, subgroup performance, and fairness,
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ensuring that predictive outcomes remain consistent
across heterogeneous clinical settings.

Conclusion and Future scope

This research introduces an efficient hybrid machine
learning model for the early detection of chronic kid-
ney disease (CKD), which has overcome the most sig-
nificant challenges in the form of high-dimensional
data, class imbalance, and overfitting. The proposed
model has used techniques such as SMOTE for class
balancing, Ridge Feature Selection for optimal feature
extraction, and a stacking ensemble model (SVM, KNN,
LR) to obtain a robust accuracy of 96% with excellent
precision (0.97) and recall (0.99). Hyperparameter
tuning with Optuna further improved the model’s ac-
curacy to 99%. The results suggest that hybrid models
are promising in clinical diagnostics and can be used
as an efficient approach for predicting CKD. Future work
will involve validating the model with diverse data-
sets to assess its real-world applicability and clinical
deployment potential.

Future research will focus on expanding the data-
set to encompass more diverse clinical populations,
thereby enhancing the model’s generalizability. Opti-
mization efforts will include leveraging advanced deep
learning techniques and improving computational ef-
ficiency to support real-time clinical applications. Ad-
ditionally, the model will be validated using external,
real-world datasets and evaluated for seamless inte-
gration into clinical workflows to assess its impact on
clinical decision-making. Another important direc-
tion will be improving model interpretability through
the incorporation of explainable AI (XAI) frameworks
such as SHapley Additive exPlanations (SHAP). This
will allow both global insights (identifying the most
influential features across the population) and local
explanations (highlighting how patient-specific fea-
tures drive individual predictions). Such efforts will
strengthen transparency, clinical trust, and usability
for healthcare professionals. In addition, the proposed
pipeline has been designed with deployment read-
iness and interpretability in mind. Future work will
incorporate Explainable Al techniques, particularly
SHAP-based feature attribution and local interpret-
ability visualisation, to generate patient-level explana-
tions that support clinical trust and confidence. These
enhancements, combined with external validation on
hospital-derived datasets, will strengthen the transla-
tional impact and demonstrate the framework’s adapt-
ability for real-world CKD diagnosis and monitoring.
These forthcoming steps will translate the proposed
approach from experimental evaluation to clinically
actionable decision-support systems.

Limitations

e Dataset Limitations: The current study uses the UCI
CKD dataset, which, while standard in comparative
machine-learning studies, represents a relatively
small and homogeneous cohort. This restricts direct
generalization to diverse populations. To address
this, future efforts will focus on external validation
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using multi-institutional clinical datasets, cou-
pled with decision-analytic evaluations such as
calibration analysis and decision-curve assess-
ment, to establish the model’s clinical reliability
and practical benefit.

Real-World Applicability: The model’s performance
in real-world environments, where variations in data
quality, processing times, and operational factors
exist, has not yet been comprehensively validated.
Feature Sensitivity: The model’s effectiveness is in-
fluenced by the features selected for training, and
its performance may vary with the inclusion of new
or alternative features.

Handling of Complex Data: The model has not been
evaluated using more complex data types, such as
multi-class classifications or time-series datasets,
which may impact its robustness and accuracy.
Scalability Considerations: While initial results
are promising, further evaluation is required to
determine the model’s scalability and reliability
in large-scale clinical environments and real-time
applications.
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