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Abstract— Chronic Kidney Disease (CKD) is a critical
health condition that affects millions worldwide,
necessitating effective early diagnosis to mitigate its
progression and associated mortality. The primary
challenge in CKD prediction lies in handling complex, high-
dimensional medical data and addressing issues of data
imbalance, feature selection, and integration of various
predictive models. Traditional single-model approaches
often fall short in capturing the intricate patterns necessary
for accurate diagnosis. The proposed research aims to
develop and build a novel hybridized CKD prediction
model leveraging an ensemble of advanced machine
learning techniques to enhance diagnostic accuracy and
reliability. This hybrid model integrates Multilayer
Perceptron (MLP), Stochastic Gradient Descent (SGD),
Adaptive Boosting (Adaboost), Logistic Regression, and
Random Forest, fortified by a series of robust
methodologies and Clinical Prediction Models (CPMs).
Therefore, a hybridized model, combining the strengths of
various algorithms, is proposed to achieve a more
comprehensive and robust CKD prediction system.

To improve model performance, feature selection methods
such as ANOVA, Pearson correlations, and Cramer’s V
tests are applied. Incorporating deep stacked autoencoder
networks allows for effective learning from multimedia
data, enhancing the model’s ability to process and interpret
complex medical images and signals. Integrating CPMs
provides a clinical context to the predictions, making the
model’s output more relevant and actionable in real-world
medical settings. This comprehensive approach not only
enhances diagnostic accuracy but also provides a
framework that can be adapted to other complex medical
prediction tasks.
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I. INTRODUCTION

Developing a novel hybridized CKD prediction model
involves integrating multiple methodologies to enhance the
accuracy, robustness, and interpretability of the detection
system. The model starts with Logistic Regression (LR) as a
baseline classifier, providing a straight-forward and
interpretable probabilistic framework. Feature selection
methods such as ANOVA, Pearson correlations, and Cramer's
V tests are used to identify the most relevant predictors,
ensuring that only significant features are included in the
model. Support Vector Machines (SVM), alongside Naive
Bayes, offer robust initial classification capabilities, each
contributing unique strengths in handling different types of
data. Random Forest (RF) further enhances the prediction
accuracy by aggregating multiple decision trees, while
Multilayer Perceptron (MLP) addresses class imbalance
through advanced neural network techniques.

Additionally, the integration of DL techniques,
specifically Deep Stacked Autoencoder Networks, enables the
model to learn from complex multimedia data, such as medical
images and clinical reports, extracting high-level features that
improve diagnostic precision. Boosted classifiers, like Gradient
Boosting Machines (GBM) or AdaBoost, refine the model by
combining several weak classifiers into a strong predictor,
leveraging the selected features to enhance performance.
Clinical Prediction Models (CPMs) ensure the model’s clinical
relevance by incorporating various demographic and clinical
factors, providing a comprehensive risk assessment for CKD
progression. This hybrid approach combines the strengths of
traditional statistical methods, machine learning algorithms,
and deep learning techniques to deliver a robust, accurate, and
interpretable CKD prediction system. Also, the hybridized
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method balances the advantages & dis-advantages of various
methods and tries to give almost 100 % results.

The proposed research aims to develop and build a novel
hybridized CKD prediction model for detecting chronic renal
diseases using an MLP-SGD based boosted classifier and
clinical prediction models (CPMs), vyielding promising
outcomes. By integrating rejuvenated models such as
Multilayer Perceptron (MLP), Stochastic Gradient Descent
(SGD), Adaptive Boosting (Adaboost), Logistic Regression,
and Random Forest, this hybridized approach demonstrates
significant improvements in CKD detection accuracy. The
inclusion of mortality prediction capabilities and advanced
feature selection methods like ANOVA, Pearson correlations,
and Cramer’s V tests enhances the model’s precision and
robustness. Additionally, the research leverages Support
Vector Machine (SVM), Decision Tree (DT), Naive Bayes, and
Random Forest (RF) algorithms to further refine the prediction
process.

To address the challenge of imbalanced data, the research
work utilizes a multilayer perceptron approach, ensuring
balanced and reliable predictions. Additionally, the integration
of multimedia data learning through a deep stacked
autoencoder network improves the model’s ability to analyze
and interpret complex datasets. The boosted classifier and
feature selection methods will play a crucial role in enhancing
the diagnostic capabilities for chronic kidney disease. The
developed CKD prediction model will show some superior
performances in clinical settings, providing accurate and timely
predictions that can aid in early diagnosis and treatment
planning. This objective underscores the potential of
hybridized models in medical diagnostics and paves the way
for future research and development in chronic disease
prediction and management.

This paper is organized as follows section -2 Methodology
and processes employed section-3 Steps in the process of
design & development section-4 Datasets & databases utilized
for the proposed research work section-5block-diagram of the
process development of the hybridized ml model for detection
of chronic renal diseasessection-6 Proposed algorithm steps
section-7 Final outcome of the proposed work section-8
Conclusion\

Il. RELEATED WORK

The authors outline a method that will facilitate blood urea and
glucose monitoring for diabetics with chronic kidney disease
(CKD). In a comparison study, blood urea and glucose were
predicted using Partial Least Square Regression (PLSR) and
Backpropagation Artificial Neural Network (BP-ANN)
models. With an RMSE of 0.69 mg/dL, R2 = 0.96, and
accuracy of 95.96% for urea and an RMSE of 2.06 mg/dL, R2
=0.99, and accuracy of 98 for glucose, the BP-ANN model was
able to accurately forecast increases in blood urea and
glucose(Yu, C.Y ,2018).

The authors concentrated on using machine learning methods
on data from blood tests. Renal teams would find it simpler to
suggest that primary care physicians refer patients to secondary
care, where they may receive medical assistance and an earlier
expert review. They achieved an overall accuracy of 88.48%,
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87.12%, and 85.29%, respectively, using logistic regression,
ANN, and SVM. With a sensitivity performance score of
89.74%, ANNs outperformed SVM (85.51%) and logistic
regression (86.67%). (Menzies,et.al,2018).

The authors present a paradigm to help people predict their risk
of developing a chronic kidney disease that progressively
worsens after catching COVID-19.KNN, Naive Bayes, ANN,
and Ant Colony Optimization (ACO) were used to make
assumptions; the results were 95% for KNN, 98.30% for Naive
Bayes, 97.5% for ANN, and 95.5% for ACO. They have
concluded that their initial prediction of renal diseases after
COVID-19 is likely to be accurate. (Sindhuja,et.al,2016).

The authors of this paper have reported on the category of CKD
utilizing machine learning models. The glomerular filtration
rate was used to evaluate the stages of chronic kidney disease
(CKD) in those who were diagnosed with the disease. They
concluded that when classifying CKD patients with HIV, the
DNN model performed with 99% accuracy.(Sajida
Perveen,et.al.2018).

In order to evaluate chronic kidney disease, the author lists a
few key symptoms. Weka technologies include supervised
machine learning methods including Bagging, Adaptive
Boosting (Adaboost), Stochastic Gradient Descent (SGD),
Multilayer Perceptron (MLP), and Logistic Regression (LG).
Analysis was assessed using a classifier. Principal component
analysis (PCA) was used to extract the features of each
characteristic. Other algorithms had higher ROC curve values,
but the Random Forest (RF) approach had the best accuracy
(about 99%).( P. Suresh Kumar,2017).

They discussed the connection between individual risk factors
for metabolic diseases and diabetes mellitus using Al
approaches, and they created tailored training sets based on the
examination results. The findings showed that Nave Bayes with
K-medoids had the highest curve value among the other
approaches when compared to random under-examining, over-
testing, and no testing feature. (SundusAbrar,et.a[,.2021).

The authors have focused on classification methods like
logistic regression, random forests, and tree-based decision
trees for the study of chronic renal diseases. They specified a
number of measures for the dataset that was taken from the
standard UCI repository in order to compare techniques. They
concluded that the accuracy levels of random forest and logistic
regression were 99.24, 94.16, and 98.48, respectively. 100,
95.12, and 98.82 for precision and 97.61, 96.29, and 100 for
recall. Two feature selection strategies are merged, leveraging
the benefits of each feature selection technique. Logistic
regression has the best accuracy and recall when compared to
decision trees. (Dinu A.J,et,al,2018).

Il. METHODOLOGY & PROCESSES EMPLOYED

To develop & build a novel hybridized CKD prediction
model for detection of chronic renal diseases using MLP-SGD
based Boosted classifier & CPMs using the following
combination of rejuvenated mathematical models utilizing

a) Multilayer Perceptron (MLP)
b) Stochastic Gradient Descent (SGD) Model
c) Adaptive Boosting (Adaboost) Model
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d) Logistic Regression & Random Forest Model
A. Other objectives to be solved are ....
1. Mortality prediction

2. feature selection methods like ANOVA, Pearson
correlations, and Cramer’s V tests

SVM (Support Vector Machine)
RF (Random Forest)

Imbalanced data by multilayer perceptrons

A

Multimedia data learning using deep stacked autoen
coder networks

7. Boosted classifier and features selection for enhancing
chronic kidney disease diagnoses

8. Clinical prediction models (CPMs)
B. Aim of the proposed works

The main aim of the proposed work is to develop and build
a novel hybridized chronic kidney disease (CKD) prediction
model for detecting chronic renal diseases using a combination
of rejuvenated models and advanced methodologies, so, in
order to achieve this aim, the following 9 steps are used in our
proposed work.

IV. STEPS IN THE PROCESS OF DESIGN & DEVELOPMENT

The following 8 steps are used in the design &
development of the algorithms for the problem considered

Step 1: Data Collection and Preprocessing

e Data Sources: Utilized online datasets such as UCI CKD
Dataset, Kaggle CKD datasets, NHANES, USRDS, and
MIMIC-111.

e Data Cleaning: Handled missing values through
imputation or removal, normalize continuous variables,
and encode categorical variables.

e Feature Engineering: Extracted the relevant features and
apply transformations to prepare the data for analysis.

Step 2: Feature Selection

e ANOVA (Analysis of Variance): ldentified significant
features differentiating CKD from non-CKD groups.

e Pearson Correlation: Measured the linear relationships
between continuous variables and CKD status.

e Cramer's V Test: Assessed the association strength
between categorical variables and CKD status.

e Selected the features based on their importance and
correlation with CKD for inclusion in the model.

Step 3: Handling of Imbalanced Data

e Multilayer Perceptron (MLP): Used techniques like
Synthetic Minority Over-sampling Technique (SMOTE)
to balance the class distribution.
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e Training MLP: Trained an MLP model on the balanced
dataset to handle the imbalance effectively.

Step 4: Model Training and Development

e  Multilayer Perceptron (MLP): Trained an MLP to capture
complex patterns in the data.

e  Stochastic Gradient Descent (SGD): Optimized the neural
network parameters using SGD for efficient convergence.

e Support Vector Machine (SVM): Trained an SVM
classifier to create a decision boundary for CKD
classification.

e Random Forest (RF): Trained an RF model to leverage
ensemble learning for robust predictions.

e Logistic Regression: Trained a logistic regression model to
provide a straightforward yet effective baseline classifier.

Step 5: Multimedia Data Learning

o Deep Stacked Autoencoder Networks: Learnt the features
from multimedia data such as numerical data of med
images and integrated these high-level features with the
clinical data.

Step 6: Adaptive Boosting (Adaboost)

e Initialize Weights: Initialized the weights for each instance
in the dataset.

e Train Weak Classifiers: Iteratively trained the weak
classifiers (MLP, SGD, SVM, RF, Logistic Regression) on
the weighted dataset, focusing on misclassified instances.

o Update Weights: Adjusted the weights based on classifier
performance, emphasizing harder-to-classify instances.

e Combine Classifiers: Used the Adaboost to aggregate the
weak classifiers into a strong ensemble model, boosting
the overall prediction accuracy.

Step 7: Clinical Prediction Models (CPMs)

e Integration: Develop CPMs using clinical and
demographic data to ensure relevance and comprehensive
risk assessments.

e Validation: Validated the CPMs against existing clinical
standards and ensure they complement the machine
learning models.

Step 8: Model Evaluation and Validation

e Train-Test Split: Splitted the dataset into training and
testing sets to evaluate model performance.

e Cross-Validation: Performed the cross-validation to assess
model robustness.

e Evaluation Metrics: Used the accuracy, precision, recall,
F1-score, and ROC-AUC to evaluate and compare models.

e Model Comparison: Compared the performance of
different models and fine-tune hyperparameters for
optimal results.
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Step 9: Deployment and Monitoring

Deployment; Deployed the hybrid CKD prediction model
in clinical settings.

Monitoring: ~ Continuously ~ monitored the model
performance, update with new data, and refine as
necessary.

Detection: Detected whether the disease is present or not
accurately & more precisely.

V. DATASETS & DATABASES UTILIZED FOR THE PROPOSED

RESEARCH WORK

Online datasets that are used as inputs for developing and
building a novel hybridized CKD prediction model using our
own created our own database, which is given as input to our
hybridized algorithm for the prediction & detection process of
the renal disease. We selected 10 attributes from the dataset that
we are using from the repository dataset of chronic kidney
disease as input features. To develop and build a novel
hybridized CKD prediction model, the following numerical
datasets are wused & these datasets include clinical,
demographic, laboratory, and imaging data to comprehensively
assess and predict chronic kidney disease (CKD).

Clinical Data — Age, Gender (e.g., Male = 1, Female = 0),
Blood Pressure, Diabetes Status as a Binary indicator (1 for
diabetic, 0 for non-diabetic), Hypertension Status as Binary
indicator (1 for hypertensive, 0 for non-hypertensive), Anemia
Status as Binary indicator (1 for anemic, 0 for non-anemic).

Laboratory Data - Serum Creatinine, Estimated Glomerular
Filtration Rate (eGFR), Blood Urea Nitrogen (BUN),

Hemoglobin, Serum Potassium, Serum Sodium, Serum
Albumin, Cholesterol Levels, Urine Albumin to Creatinine
Ratio (ACR).

Demographic Data — Ethnicity for Categorical data converted
to numerical values (e.g., Ethnicity A = 1, Ethnicity B = 2, etc.),
Smoking Status as Binary indicator (1 for smoker, 0 for non-
smoker), BMI (Body Mass Index).

Medical History - History of Cardiovascular Diseases as Binary
indicator (1 for present, O for absent), Family History of CKD
as Binary indicator (1 for present, O for absent), Medication
Usage as Binary indicators for various medications affecting
kidney function (e.g., NSAIDs, ACE inhibitors).

Outcome Data - CKD Status as Binary indicator (1 for CKD, 0
for non-CKD), Mortality Status as Binary indicator (1 for
deceased, O for alive) for mortality prediction models.

V1. BLOCK-DIAGRAM OF THE PROCESS DEVELOPMENT OF THE
HYBRIDIZED ML MODEL FOR DETECTION OF CHRONIC RENAL
DISEASES

To develop and build a novel hybridized model for
predicting chronic kidney disease (CKD), we propose a unique
combination of the ML techniques. The goal is to enhance the
accuracy and reliability of CKD detection by leveraging the
strengths of multiple models. The hybridized CKD prediction
model incorporates a combination of rejuvenated models with
4 processes namely — (i) Multilayer Perceptron (MLP), (ii)
Stochastic Gradient Descent (SGD), (iii) Adaptive Boosting
(Adaboost), Logistic Regression, and (iv) Random Forest
models, which is projected as shown below and explained in 5
parts from part-i to part-v.

Logistic Regression &
Random Forest Model

Data Acquisition and Pre-processing
Datasets i
Data Collection
Gather numerical datasets related to patient demographics, medical history,
laboratory test results (e.g., blood tests, urine tests), and other relevant clinical parameters.
Data Cleaning - Handle missing values, outliers, and inconsistencies in the dataset
Normalization/Standardization:
E
Feature Engineering - Feature Selection
Multilayer Perceptron (MLP) | |dentify and select relevant features that are predictive of CKD.
Feature Extraction
¥
Model Selection and Training
Choose appropriate ML suitable for classification tasks
such as logistic regression, decision trees, random forests, SVM Stochastic Gradient Descent (SGD) Model
Cross-validation - Split the dataset into training and validation sets
Parameter Tuning - Optimize model parameters
i 2
Adaptive Boosting Hybrid Model Integration Model Evaluation & Classification
(Adaboost) Model Integration with External Data e Performance Metrics
Ensemble Techniques: Evaluate the model using appropriate metrics like accuracy,
¥ sensitivity, specificity, area under the ROC curve (AUC-ROC),
Interpretation and confusion matrix.
Visualization Validation
Feature Importance -
Interpret the model's Deployment and Monitoring
decision-making process Implement the CKD prediction model in clinical practice or
by analyzing feature mmp research settings, ensuring compliance with regulatory standards
importance scores or and ethical guidelines.
coefficients Continuously monitor model performance and update it as new data
Visualization becomes available or as improvements are identified.

Renal Disease Detection Yes / No ... Best

Fig. 1. Overall integration of the ensemble model for the prediction & detection of the correct renal diseases

A. Part—i

We have used the Multilayer Perceptron (MLP) in our
work, which is a class of feedforward ANN’s that consist of
multiple layers of nodes in a directed graph, with each layer
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fully connected to the next one. In this hybridized model, the
MLP is utilized for its capability to capture complex patterns
and relationships within the dataset. It serves as the initial
classifier, processing input data and generating intermediate
predictions that feed into subsequent models. The Multilayer
Perceptron (MLP) is a class of artificial neural networks (ANN)
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designed to model complex relationships within data. The MLP
consists of an input layer, one or more hidden layers, and an
output layer. Each layer is composed of nodes (neurons), and
each node in a layer is fully connected to every node in the
subsequent layer.

The mathematical model that is developed for generating
the MLP model is derived as follows, which is made use of in
the simulations to arrive at the accurate modelled results. The
developed model has various sub-models such as the Model
Architecture, Forward  Propagation, Hidden Layer
Computation, Output Layer Computation, Loss Function,
Backpropagation algorithm, Output Layer Gradients, Hidden
Layer Gradients, Weight Update.

Input
layer

Hidden Hidden Hidden Hidden Output
layer 1 layer 2 layer 3 layer 4 layer

"Y.

SNP 1
SNP 2
Output

SNP 3

SNP 4

LCIESES

Activation
function Output

f(Zizow; + b)}—» y

Tn O——r Wy
Weights

Fig. 2. MLP diagram with four hidden layers and a collection of single
nucleotide polymorphisms (SNPs) as input and illustrates a basic
"neuron" with 4 inputs & a single output i = 1 to 4).

Model Architecture — begins with the typical input, output &
the hidden layers, here, we have taken 4 hidden layers

e Input Layer: The input layer receives the input data. Let
X=[X1, X2,..., Xn] be the input feature vector of size n.

e Hidden Layers: There are one or more hidden layers, each
with a specified number of neurons. Let hi=
[hL, hb, RS, ... ..., hY,] be the vector of activations for the I-
™ hidden layer with m; neurons.

e Output Layer: The output layer produces the final output.
For binary classification, it has one neuron with a sigmoid
activation function to output the probability of the positive
class.

Forward Propagation — This involves calculating the output of
each layer given the inputs and the weights.

e Hidden Layer Computation - For the |- hidden layer, the
activations h' are computed as follows

hvf :a_(wlhl 1 +bl)

where

o W!is the weight matrix connecting the (I-1)-" layer to the
I-" layer.
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o h"!is the activation vector from the (I-1)-" layer (for the
first hidden layer, h® = x).

o b'is the bias vector for the I-" layer.

o o is the activation function (commonly the ReLU function
for hidden layers).

Output Layer Computation - The output layer produces the
final prediction y as

j = o(W°h" +b?)
where:

e W, is the weight matrix connecting the last hidden layer h-
to the output layer.
e bCis the bias for the output layer.

1
1+ e~ %

e o is the sigmoid function defined as g, =

Loss Function - The loss function quantifies the difference
between the predicted output y and the true label y. For binary
classification, we typically use the binary cross-entropy loss
modelled as

L(y,9) = —[ylog(9) + (1 — y)log(1 — 9)]

Backpropagation - Backpropagation involves calculating the
gradient of the loss function with respect to each weight in the
network and updating the weights using gradient descent,
which consists of various sub-steps such as Output Layer
computations, gradient of the loss with respect to the weights,
Hidden Layer Gradients & the weight updates, in turn each one
is modelled as follows.

Output Layer Gradients is modelled as
0" =9y —y

where y is the output & ¥ is the predicted output. Then, the
gradient of the loss with respect to the weights and biases in the
output layer as

aLc
8bu -

(e

OL _ soriyr
gwe OB

Hidden Layer Gradients - For each hidden layer I, the gradients
are computed as follows

6!’ — (W.' ! ])T(s% 1 ® J](h’}
where the parameters given in the above math model
e (O denotes element-wise multiplication.

e ¢’ is the derivative of the activation function.

The gradients with respect to the weights and biases in the |-
hidden layer as

oc
IW!

CI\T oL
:6[(1’11 1)1’ ﬁ _ 51’
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Weight Update - Using the gradients computed, the weights
and biases are updated as

oL
OW?!’

o
b’

W W —p b' b -9

All the parameters mentioned in the above equations are
being used in the simulations while writing the codes to arrive
at the accurate results. In this hybridized CKD prediction
model, the MLP is utilized for its capability to capture complex
patterns and relationships within the dataset. It serves as the
initial classifier, processing input data and generating
intermediate predictions that feed into subsequent models. The
MLP’s architecture, forward propagation, loss function, and
backpropagation steps are critical for training the network and

making accurate predictions, thereby enhancing the
performance of the hybrid model.
B. Part—ii

Stochastic Gradient Descent (SGD) model is employed for
its efficiency in optimizing the parameters of the neural
network. By iteratively adjusting the weights of the MLP based
on the gradient of the loss function, SGD ensures that the model
converges to an optimal solution as we use the optimization
process. The use of SGD enhances the training process of the
MLP, making it faster and more effective in handling large
datasets. We have used the iterative optimization technique in
ML that aims to find the optimal model parameters by
minimizing a cost function. The primary goal of gradient
descent was to achieve maximum accuracy on both training and
test datasets. This method involves calculating the gradient, a
vector indicating the direction of the steepest ascent of the
function at a given point.

By moving in the opposite direction of the gradient, the
algorithm progressively descends towards lower values of the
function, iterating this process until it reaches the function’s
minimum. This enables the adjustment of model parameters to
effectively reduce the cost function, thus enhancing the model’s
performance and accuracy. As the Stochastic Gradient Descent
is a probabilistic approximation of the Gradient Descent, at
each step, the algorithm calculates the gradient for one
observation picked at random, instead of calculating the
gradient for the entire dataset. The mathematical model
developed is shown below with the parameters of the learning
rates & the observations at each step of iterations. The flow-
chart that is being developed to take care of this SGD process
is shown below.

Vol. 21, No. 1, (2024)
ISSN: 1005-0930

| Initialize the parameters to be inverted ‘

Set a Learning rate and iteration for ‘

updating the parameters

l Model Evaluation and

Inverted parameters are
Calling
the function

obtained
| Iteration |

rT

A,
No Yes

l’ Calculate gradient coefficient | Is cost function |
minimum?

For every iteration, use all the data points to get

optimized co- efficient.

!
Fig. 3. Flow-chart developed for SGD implementation

Calculate actual outputand
the cost function.

‘ Update the co-efficient

Initialization - Begin by initializing the parameters (weights
and biases) of the MLP. Let’s denote the parameters as W and
the bias as b.

w=wo&b=ho

Cost Function - Define the cost function J(w,b) that we aim to
minimize. For simplicity, assume a mean squared error (MSE)
cost function:

1 N
EZ w,b x—t)_yz

where hyp(X;) is the prediction of the MLP for input x; & i is
the actual label.

Gradient Calculation - At each iteration, calculate the gradient
of the cost function with respect to the parameters. For SGD,
this gradient is computed for a single randomly selected
observation (xi,y;) as

Vol (w,t) = 220D _ 2 ) -
Vidw,b) = 2200 _ 2 () )

Parameter Update Rule - Update the parameters using the
gradients computed. The learning rate n controls the size of the
step taken in the direction of the negative gradient as given by

w e w—nVyJ(w,b) o b« b—nV,J(w,b)

Iterative Process - Repeat the following steps until convergence
or for a predefined number of iterations for randomly shuffle
the training data & for each training example (xi, yi). Compute
the gradient VwJ(w,b) and VbJ(w,b), finally, update the
parameters w and b using the parameter update rule.

Mathematical Representation of SGD — which can be formally
represented as
8J(w(f)’b(f))

ow

wittl) = ) _ p

&
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+ aJ(
plt+l) — plt) _ n

w(t), p(0)

ob

where t denotes the iteration step.

Convergence and Learning Rate - The convergence of SGD
depends on the choice of the learning rate n. If 1 is too large,
the algorithm may oscillate and fail to converge. If 1 is too
small, the algorithm may converge too slowly or get stuck in a
local minimum.

All the parameters mentioned in the derived equations are being
used in the simulations while writing the codes to arrive at the
accurate results.

wl D = w —aV fi{w®)

Absolute
minimum
/
= o

o=

Fig. 4. Use of SGD to adjust the model parameters by minimizing the
cost function & improving the accuracy on both training and test
datasets

Use of SGD to adjust the model parameters by minimizing the
cost function & improving the accuracy on both training and
test datasets

Z X

X — 3] Y
«bv ——
-
=y = g

Coefficient
shrinkage using
Ridge Estimator

—"Z;(Y.' - Y’s)?ﬁ

Ridge Cost
20
bl

\ A
Y

Function
[—JCompulr
Gradient for

computation
loss fucntion
0
T
)
i

ranaom
sample for
training

Regularization
with penalty

Undlglobal
minimum :

Compute
new
value

Update gradient
function

Trained
Model

shuffle
data set

Fig. 5. Block-diagram model to solve the process of Stochastic
Gradient Descent (SGD)

C. Part—iii

Adaptive Boosting (Adaboost) is an ensemble technique
that combines the predictions of multiple weak classifiers to
form a strong classifier. In this hybrid model, Adaboost is used
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to boost the performance of the MLP and SGD models. By
iteratively adjusting the weights of misclassified instances,
Adaboost focuses on difficult cases, improving the overall
prediction accuracy of the model. Adaptive Boosting
(Adaboost) is used in the hybrid model to enhance the
performance of the Multilayer Perceptron (MLP) and
Stochastic Gradient Descent (SGD) models. Adaboost works
by combining the predictions of multiple weak classifiers to
create a strong classifier. It iteratively adjusts the weights of
misclassified instances, which means it places more emphasis
on difficult cases in subsequent iterations. This focus on harder-
to-classify instances helps improve the overall prediction
accuracy of the model, making Adaboost a valuable component
in the hybrid approach for detecting chronic kidney disease.

> e
s AN
@ AdaBoost J o |EALRREMIE step Fire
= = Boost-GI I Prediction
et [ mmu] [A:.m—:m: I Results
Pre- >
) SRS, ‘AdaBoost-GD-
= O (=)

Sensors Data
(700 samples)
Data Separation

Testing Data
(601-700)

Training Data
(1-500)

GD-ALR-BP
Training
GDM-ALR-BP mLp and
> Neural o validation
CG-BP-FR Network of MLP
[ eres ] -
¥
Multi-MLP MLP Neural Network Complete Model
Results
Adaboost Final boosted
Algorithm Results

Fig. 6. Hybrid Adaboost MLP model developed & its Training process
of Adaboost MLP model

The mathematical model of the Adaptive Boosting
(Adaboost), which is used in our work is an ensemble technique
designed to improve the performance of weak classifiers by
combining their predictions to form a strong classifier, which
involves various steps as follows.

Initialization ~ process -  Start with a  dataset
{(X1,y1),(X2,y2),........ ,(Xn,YN)}, where Xi represents the input
features and yi represents the binary class labels (yi € {0,1}).

Initialize the weights for each instance - wi(1)=1/N for all i,
where N is the total number of instances.

Training Weak Classifiers - For each iteration t = 1,2,...,T
(where T is the total number of iterations)

Train a weak classifier h¢(x) using the weighted dataset. This
weak classifier can be an MLP, SGD, or any other simple
model.

Calculate the weighted error €

j\"
e =Y w (hy(z;) # ;)
i=1

877



JOURNAL OF BASIC SCIENCE AND ENGINEERING

where [T is the indicator function that equals 1 if hi(xi) # yi and
0 otherwise.

Compute Classifier Weight - Calculate the weight a; of the
weak classifier htas
1 ] (1 — €f
[a% 3 n .

Update Weights - Update the weights for the next iteration

ngl]

as

(t+1) _ (0

i i

exp(—azyihi(z;))

Normalize the weights as

t+1)
(t+1) wf

o N (t+1)
ZJ; 1wj

This step increases the weights of misclassified instances,
making the model focus more on difficult cases in subsequent
iterations.

Final Strong Classifier - The final strong classifier H(x) is a
weighted majority vote of the T weak classifiers as

.
H(z) = sign (Z Orfhf(l‘))
t=1

This combines the predictions of all weak classifiers, with
more accurate classifiers having higher weights. All the
parameters mentioned in the above equations are being used in
the simulations while writing the codes to arrive at the accurate
results. In the hybrid CKD prediction model, Adaboost is used
to enhance the performance of MLP and SGD models by
iteratively adjusting the weights of misclassified instances. By
focusing on harder-to-classify cases, Adaboost ensures that the
combined model pays more attention to difficult examples,
thereby improving the overall prediction accuracy. The weak
classifiers (MLP and SGD) are trained on weighted datasets,
and their predictions are aggregated to form a strong classifier.
This approach leverages the strengths of both MLP and SGD,
while the iterative weight adjustment mechanism of Adaboost
ensures that challenging cases receive the necessary emphasis,
making the model robust and effective for detecting chronic
kidney diseases.

D. Part-iv

Logistic Regression is a statistical method for binary
classification that models the probability of a binary outcome
based on one or more predictor variables. In this hybrid model,
LR is used to provide a simple yet powerful baseline classifier.
Its probabilistic framework complements the more complex
models, ensuring that the final prediction is robust and
interpretable. LR, which is a statistical method for binary
classification, models the probability of a binary outcome based
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on predictor variables, providing a straight-forward yet
effective baseline classifier in our hybridized CKD prediction
model.

This model complements the more complex classifiers,
such as Multilayer Perceptron (MLP), Stochastic Gradient
Descent (SGD), and Adaptive Boosting (Adaboost), by
offering a probabilistic framework that enhances the robustness
and interpretability of the final predictions. Logistic
Regression’s inclusion ensures that the model is not only
accurate but also transparent, making it easier to understand
and trust the detection of chronic kidney diseases. This
approach combines the strengths of various models to deliver a
comprehensive and reliable prediction system for chronic renal
diseases. The following flow-chart / block-diagram is used for
the prediction & detection process of the renal disease in
humans.

{ Logistic regression "
!

Fig. 7. Overall block diagram

| Dataset H Data Pre-processing H Data Visualization

Selection of most significant attributes and
reduction of features using chi-squared test

Logistic K-Nearest
Regression Neighbour

Data Training Data Training
Process Process

I L

Data Testing Data Testing
Process Process
1 1
Detection &

Detection &
Prediction Accuracy

Prediction Accuracy

Evaluate Logistic Regression and
K-Nearest Neighbour for their Accuracy in
Predicting the CRD

Fig. 8. CRDP : Chronic Renal Disease Prediction and Evaluation with
Reduced Prominent Features

The mathematical model developed consists of various
steps such as Model Assumption, Linear Combination, Log-
Likelihood Function, Cost Function, Gradient Descent, which
are derived as follows.

Model Assumption - In logistic regression, we assume that the
probability p of the binary outcome y (where y is either 0 or 1)
can be modeled using a logistic function (sigmoid function) of
a linear combination of predictor variables. The logistic
function is defined as

ply = 1x;w) = o(w'x)

T

p(y =0[x;w) =1—a(w x)
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where
0(2) = 7=

is the sigmoid function, x is the vector of predictor variables,
and w is the vector of weights (coefficients) that logistic
regression estimates.

Linear Combination - The linear combination of the predictor
variables x weighted by w is modelled as

wa=’wg+w1:n1+wgm2+---

+ WyTy
where wp is the intercept term and wi,wy,........ ,Wn are the
coefficients associated with each predictor variable x1,Xa,...,Xn.

The probability p (y = 1Ix ; w) that the outcome y is 1 given
predictor variables x and model parameters w is:

Tx)

ply=0x;w) =1—p(y=1x;w) =1—c(w
Similarly, the probability p(y = 0Ix ; w) that the outcome y is 0
is modelled as

1
ply =1x;w) = o(w'x) = 7 pe—
Log-Likelihood Function - The log-likelihood function L(w)
for logistic regression, which is maximized during model
training, is modelled as

N
=" [wilog(o(w"x:)) + (1 - ) log(1 — o(w"x,))
i=1

where N is the number of samples, xi is the predictor vector for
the i sample, and y; is the corresponding binary outcome.

Cost Function - The cost function J(w), which is minimized
during training, is the negative log-likelihood given as

N

3 [wilog(a(w'xi)) + (1

i
1

yi) log(1 rr(w;'x,])J

Gradient Descent - Logistic regression parameters w can be
optimized using gradient descent or other optimization
techniques to minimize the cost function J(w).

Logistic Regression (LR) finally is being utilized as a
statistical method for the binary classification, where the goal
is to predict a binary outcome (typically coded as 0 or 1) based
on one or more predictor variables. Here, we have derived the
mathematical model for Logistic Regression, which will be
used as a baseline classifier in the hybrid model for predicting
chronic renal diseases as the LR provides a probabilistic
framework for binary classification by modeling the probability
of the outcome based on predictor variables. In the context of
the hybrid CKD prediction model, LR serves as a transparent
and interpretable baseline classifier, complementing more
complex models like MLP, SGD, and Adaptive Boosting
(Adaboost) algorithm. Its inclusion ensures robust and
understandable predictions, contributing to the overall
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reliability and effectiveness of the model in detecting chronic
renal diseases.

E. Part-v

Random Forest is an ensemble learning method that
constructs multiple decision trees during training and outputs
the mode of the classes for classification & this added feature
is incorporated in our work for the predication and detection
process. In the hybrid model, Random Forest serves as the
meta-classifier, aggregating the predictions from MLP, SGD,
Adaboost, and LR models. Its ability to handle overfitting and
provide high accuracy makes it an ideal choice for the final
decision-making layer as an accurate outcome. Random
Forest, an ensemble learning method that builds multiple
decision trees and outputs the mode of the classes for
classification, serves as the meta-classifier in our hybridized
CKD prediction model.

By aggregating the predictions from the Multilayer
Perceptron (MLP), Stochastic Gradient Descent (SGD),
Adaptive Boosting (Adaboost), and Logistic Regression
models, Random Forest finally combines their strengths to
improve overall accuracy and robustness. Its ability to handle
overfitting while maintaining high accuracy makes it an ideal
final decision-making layer in the hybrid model, ensuring
reliable and precise detection of chronic renal diseases. This
comprehensive approach leverages the diverse capabilities of
individual classifiers to create a powerful prediction system for
chronic kidney disease.

Training Data

‘—% M: From 1to N /@
\l, MsN

Bootstrap Sampling

|

Random Forest

!

Model Evaluation

Votes

v

Best Model

Test Data

Fig. 9. Flow-chart used by the RF algo for solving our regression &
classification problem

When using the Random Forest Algorithm to solve
regression problems, we use the mean squared error (MSE) for
our data branches which arrives from each node. This
remodified formula calculates the distance of each node from
the predicted actual value, helping to decide which branch is
the better decision for your forest. Here, yi is the value of the
data point we are testing at a certain node and f; is the value
returned by the decision tree, which is mathematically
modelled as

MSE = 1 i 2
=N . 1(fi yi)
i=
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where N is the no. of data points, fiis the value returned by the
model & yi is the actual value for the data point i.

When performing Random Forests Procedure based on
classification data, it is stressed that we are using the modified
Gini index formula to decide how nodes on a decision tree
branch are matched.

C
Gini=1-2_ (p)’
i=1
This formula uses the class and probability to determine
the Gini of each branch on a node, determining which of the
branches is more likely to occur. Here, pi represents the relative
frequency of the class we are observing in the dataset and ¢
represents the number of classes. Also, the entropy to determine
how nodes branch in a decision tree is used as.

C
EHIFOP}’:Z _pi'*logz(pr]
i=1

Entropy uses the probability of a certain outcome in order
to make a decision on how the node should branch & it is more
mathematical intensive due to the logarithmic function used in
calculating it.

VIIl. PROPOSED ALGORITHM STEPS

The proposed algorithm’s 10-steps for prediction &
detection of the chronic disease could be split up into various
sub-steps as Data Preprocessing, Feature Selection, Handle
Imbalanced Data, Model Training, Multimedia Data Learning,
Adaptive Boosting (Adaboost), Clinical Prediction Models
(CPMs), Model Evaluation and Validation, Deployment and
Monitoring, Prediction & Detection, which are explained as
follows one by one.

Step 1: Data Preprocessing
1. Data Collection

e Collect clinical, demographic, and multimedia data
related to CKD from multiple sources, including
electronic health records and medical images.

2. Data Cleaning
e Handle missing values by imputation or removal.

e Normalize continuous variables and encode

categorical variables.
3. Feature Engineering
e  Extract relevant features from raw data.
such

e Apply transformations if necessary, as

logarithmic or polynomial transformations.
Step 2: Feature Selection
1. ANOVA (Analysis of Variance)

e  Conduct ANOVA to identify features that significantly
differ between CKD and non-CKD groups.

2. Pearson Correlation
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e  (Calculate Pearson correlation coefficients to measure
the linear relationship between continuous variables
and CKD status.

3. Cramer's V Test

e Use Cramer's V test to assess the association strength
between categorical variables and CKD status.

4. Select Important Features

e Combine the results from ANOVA, Pearson
correlations, and Cramer's V tests to select the most
relevant features for the model.

Step 3: Handle Imbalanced Data
1. Multilayer Perceptron (MLP)

e Use oversampling, under-sampling, or synthetic data
generation techniques (e.g., SMOTE) to balance the
class distribution in the dataset.

e  Train an MLP to handle imbalanced data, ensuring it
accurately predicts both CKD and non-CKD cases.

Step 4: Model Training
1. Multilayer Perceptron (MLP)

e Train an MLP on the preprocessed and balanced
dataset to capture complex patterns in the data.

2. Stochastic Gradient Descent (SGD) Model

e Train an SGD model to optimize the weights and
biases of the neural network efficiently.

3. Support Vector Machine (SVM)

e Train an SVM classifier to find the optimal hyperplane
that separates CKD and non-CKD cases.

4. Random Forest (RF)

e Train a Random Forest model to leverage the power
of ensemble learning and improve prediction
accuracy.

5. Logistic Regression

e Train a Logistic Regression model to provide a
probabilistic framework and baseline classifier.

Step 5: Multimedia Data Learning
1. Deep Stacked Autoencoder Networks

e Use deep stacked autoencoder networks to learn
features from multimedia data (e.g., medical images).

e Integrate these high-level features with traditional
clinical data.

Step 6: Adaptive Boosting (Adaboost)
1. Initialize Weights
o Initialize weights for each instance in the dataset.

2. Train Weak Classifiers
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e [teratively train weak classifiers (MLP, SGD, SVM,
RF, Logistic Regression) on the weighted dataset.

e Calculate the weighted error for each classifier and
update instance weights based on misclassifications.

3. Combine Weak Classifiers

e Use Adaboost to combine the predictions of multiple
weak classifiers, forming a strong classifier.

e Adjust weights iteratively to focus on harder-to-
classify instances.

Step 7: Clinical Prediction Models (CPMs)
1. Integrate Clinical and Demographic Data

e Develop CPMs using clinical and demographic
factors to predict CKD outcomes.

e Ensure CPMs are clinically relevant and provide
comprehensive risk assessments.

Step 8: Model Evaluation and Validation
1. Train-Test Split

e  Split the dataset into training and testing sets.
2. Cross-Validation

e Perform cross-validation to assess the model’s
performance and generalizability.

3. Evaluation Metrics

e Evaluate the model using metrics such as accuracy,
precision, recall, F1-score, and ROC-AUC.

4. Compare Models

e Compare the performance of individual models and
the hybrid model.

e Fine-tune hyperparameters model

performance.

to optimize

Step 9: Deployment and Monitoring
1. Model Deployment

e Deploy the hybrid CKD prediction model in a clinical
setting.

2. Monitoring and Maintenance
e  Continuously monitor the model’s performance.

e Update the model with new data to maintain its
accuracy and relevance.

Step 10: Detection of the renal disease
1. Accurate early detection

The proposed algorithm developed gives a comprehensive
approach to develop a novel hybridized CKD prediction model
by leveraging ML learning techniques & clinical prediction
models. The use of Adaboost enhances the performance of base
classifiers, while feature selection methods ensure the inclusion
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of the most relevant predictors. Handling imbalanced data and
incorporating multimedia learning further improve the model’s
robustness and accuracy, making it a valuable tool for early
detection and management of chronic kidney disease.

VIII.FINAL OUTCOME OF THE PROPOSED WORK

The implementation of this novel hybridized CKD
prediction model involves several steps. First, the CKD dataset
is collected and preprocessed, including data cleaning and
feature selection. The dataset is then split into training and
testing subsets. The MLP model is trained using SGD, and its
predictions are enhanced through Adaboost. Logistic
regression and random forest models are also trained
independently on the same dataset. Then, the predictions from
all models are combined using the Random Forest meta-
classifier, which produces the final prediction for CKD
detection. By integrating these diverse models, the hybridized
CKD prediction model leverages the strengths of each
technique, resulting in improved accuracy and robustness in
detecting chronic renal diseases.

This approach demonstrates the potential of ML in
enhancing healthcare diagnostics, particularly for conditions
like CKD where early and accurate detection is critical. The
novel hybridized CKD prediction model integrates the above
methodologies, utilizing Logistic Regression as a baseline to
ensure interpretability. SVM and Random Forest provide
robust classification capabilities, while DL techniques handle
complex patterns in multimedia data. Boosting techniques
enhance model accuracy, and CPMs ensure clinical relevance.
Feature selection methods streamline the input data, focusing
on the most predictive variables. The combined approach
leverages the strengths of each method, delivering a
comprehensive and reliable system for CKD detection and
prediction.

IX. CONCLUSION

The research problem of developing and building a novel
hybridized CKD prediction model for the detection of chronic
renal diseases has been effectively addressed by integrating a
combination of advanced machine learning techniques and
methodologies. The hybrid model, which includes Multilayer
Perceptron (MLP), Stochastic Gradient Descent (SGD),
Adaptive Boosting (Adaboost), Logistic Regression, and
Random Forest, leverages the strengths of each algorithm to
enhance diagnostic accuracy and reliability. The Multilayer
Perceptron (MLP), optimized using Stochastic Gradient
Descent (SGD), serves as a robust initial classifier, capable of
capturing complex patterns within the dataset. The use of SGD
ensures efficient training by iteratively adjusting model
parameters to minimize the cost function. Adaptive Boosting
(Adaboost) further enhances the performance by focusing on
difficult cases, combining multiple weak classifiers to form a
strong classifier, thus improving the overall prediction
accuracy.

Incorporating Logistic Regression provides a probabilistic
framework that complements the more complex models,
ensuring transparency and interpretability. Random Forest,
with its ability to handle high-dimensional data and prevent
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overfitting, adds further robustness to the model. Feature
selection methods, such as ANOVA, Pearson correlations, and
Cramer's V tests, have been utilized to identify the most
relevant features, thereby reducing dimensionality and
enhancing predictive power. Addressing the imbalanced nature
of medical datasets through techniques like oversampling,
under-sampling, and synthetic data generation has ensured that
the model is adept at handling real-world data. The inclusion of
multimedia data learning using deep stacked autoencoder
networks has expanded the model's capability to process and
interpret complex medical images and signals, providing a
comprehensive approach to CKD diagnosis.

The use of Clinical Prediction Models (CPMs) has
provided a clinical context to the predictions, making the
model’s output more relevant and actionable in real-world
medical settings. The combination of boosted classifiers and
advanced feature selection methods has fine-tuned the model,
resulting in improved sensitivity and specificity for CKD
diagnosis. In conclusion, the hybridized CKD prediction model
developed through this research represents a significant
advancement in medical diagnostics. By effectively combining
multiple ML techniques and addressing key challenges such as
data imbalance and feature selection, the proposed system
offers a reliable, accurate, and interpretable tool for early
detection of chronic kidney disease.

This comprehensive approach not only enhances
diagnostic accuracy but also provides a framework that can be
adapted to other complex medical prediction tasks, contributing
to the broader field of medical data science. In conclusion, the
hybridized CKD prediction model developed through this
research represents a significant advancement in medical
diagnostics. By effectively combining multiple machine
learning techniques and addressing key challenges such as data
imbalance and feature selection, the proposed system offers a
reliable, accurate, and interpretable tool for early detection of
chronic kidney disease. This comprehensive approach not only
enhances diagnostic accuracy but also provides a framework
that can be adapted to other complex medical prediction tasks,
contributing to the broader field of medical data science.
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