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Chronic kidney disease (CKD) is a global public health concern, and the timely detection of the

disease is priceless. Most of the classical machine learning models have the major drawbacks of

being unsophisticated, non-robust, and non-accurate. This research work is therefore seeking to
introduce OptiNet-CKD, a paradigm based on a DNN that has been integrated with a developed
population optimization algorithm (POA) for CKD prediction optimization. POA is unlike gradient-
based optimization methods in that it uses an initialized population of networks and perturbs their
weight values to provide a broader exploration of the solution space. The model is more robust and less
likely to overfit, and the predictions are likely to be more accurate since this approach helps to avoid
the local minima problem suffered by gradient-based optimizers. To preprocess it for DNN learning, a
CKD dataset with 400 records containing numerical and categorical features was imputed for missing
data and scaled for its features. The model was evaluated using performance metrics such as accuracy,
precision, recall, F1-score, and ROC AUC. OptiNet-CKD achieved 100% accuracy, 1.0 precision, 1.0
recall, 1.0 F1-score, and 1.0 ROC-AUC from traditional models (logistic regression, decision trees)

and even fundamental deep neural networks. Results show that OptiNet-CKD is a reliable and robust
prediction method for CKD, with more substantial generalization and performance than the existing
methods. A combination of DNN and POA constitutes a promising approach for medical data analysis,
especially for the diagnosis of CKD. POA expands the solution space, helping to expunge the model
from falling into local minima and giving the model increased power in generalizing complicated
medical data. Based on the simplicity of the algorithm, together with the structured formula and

the extractions made in the preprocessing step, this framework can be extended to other medical
conditions with similar data complexities, providing a potent tool for improving diagnostic accuracy in
healthcare.

Keywords Chronic kidney disease (CKD), Deep neural network (DNN), Population optimization algorithm
(POA), Machine learning, Medical data analysis

Chronic kidney disease (CKD) is widely recognized as a global public health problem that leaves millions of
people at high risk and has high morbidity and mortality rates'. It is vital to diagnose CKD as soon as possible
because appropriate measures should and can be taken to delay its progression and ameliorate results®. However,
such prediction is not easy because medical data are usually complex and heterogeneous, which makes them even
harder to analyze. Conventional methods for modeling, such as logistic regression, support vector machines,
and decision trees, have also been employed in the prediction of CKD>. Even though these models can give
promising results, it is reported that they have problems concerning robustness, accuracy, and extension?. The
main causes of these issues are their simple architectures that cannot resolve the intricacy of the medical data,
the unbalanced nature of the medical data, which features missing data, the combination of numerical and
categorical data, and nonlinear patterns of data®. Such limitations suggest that higher-order algorithms with the
capability of identifying intricate patterns should be used to generate accurate predictions.
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To handle these challenges, this study presents an OptiNet-CKD methodology that integrates a deep neural
network with a customized population optimization algorithm for improved prediction of CKD®. The advantage
of POA is that it starts by having a diverse set of networks whose weights and biases are then stochastically
updated as part of efforts to have a more efficient and broader exploration of the solution space’. This method
helps us avoid the problem of local minima, which is usual for gradient-based methods, which are more easily
prone to being entrapped into a suboptimal solution in the case of complex, high-dimensional data such as CKD.

The heterogeneous and imbalanced nature of data in CKD is one of the key challenges that can be evidenced
by missing values in data, non-linear feature relationships, and complicated interactions with the variables.
Therefore, there are various factors to overcome when applying such traditional machine learning models, which
typically fail to capture complex patterns. This task is particularly suited for POA because, in POA, the population
of networks it maintains is diverse, so the POA can explore the high-dimensional, noisy space without overfitting
the complex interaction between the data.

Two motivations for this work are the capability of deep learning to learn high order of data input
dependencies and the possibility of using population-based optimization methods to non linearly improve
the model’s training by optimizing the search for a better solution in the solution space. Having the diversity
maintained in a population of networks, POA can significantly improve the robustness and the generality of
DNN, which brings better performance on heterogeneous yet highly challenging real datasets like CKD.

Specifically, the major research questions in this study are as follows: To design an improved DNN-POA
model for CKD risk assessment and forecasting; To assess the performance of the proposed approach in terms
of key experimentation metrics, including accuracy, precision, recall, F1-score, and the area under the receiving
operating characteristic curve (ROC-AUC). The study is going to compare OptiNet-CKD with typical machine
learning algorithms and ordinary optimization techniques to illustrate its advantage and expand its application in
the medical field. Thus, this study adds to the literature by proposing a population-based strategy for optimizing
the training of deep neural networks using medical data, especially those having complex data features like CKD.

The structure of the paper is organized as follows: In “Literature survey” section, relevant contents of previous
studies on CKD prediction models and optimization techniques are reviewed, and the main findings, as well as
the research gaps filled by this study, are presented. In “Methodology” section explains the method, describing
the DNN architecture, the POA construction, and other methods for data preprocessing when working with
the CKD dataset. Finally, the experimental results in terms of models and comparisons with TML classifiers
are presented in “Proposed OptiNet-CKD system” section, and the robustness and efficiency of the proposed
work are evaluated. Last but not least, in “Experimental results and discussion” section, the conclusion, presents
the benefits of the proposed OptiNet-CKD model, describes challenges in this work, and outlines the potential
development of this model for other diseases and new features for enhancing predictability.

Literature survey

The development of methodologies to predict CKD and to diagnose it at an early stage are also important and
attractive goals because of the high mortality and morbidity of this disease. At first, other prediction algorithms,
including logistic regression and support vector machines (SVMs), became more famous for CKD prediction.
Nonetheless, Poorani and Karuppasamy® showed such models, although they gave minor levels of predictive
accuracy, cannot contain a multitude of pension holders inside medical datasets®. Singh et al. also demonstrated
that decision trees and random forests enhanced feature interactions but, at the same time, are sensitive to
hyperparameters, which affects their stability in applied fields’. These traditional models were not designed to
effectively handle heterogeneous data and also cannot handle imbalanced datasets, which are generally prevalent
in CKD prediction tasks. They upgrade the medical data models from traditional machine learning to deep
learning and over to the mixed models because medical data cannot be processed by traditional models such as
logistic regression trees and decision trees. The studies by Singh et al.” have shown that deep learning models
are capable of identifying non-linear interactions in large datasets. Nevertheless, their performance is enhanced
substantially when used together with optimization algorithms.

Traditional models, including logistic regression, decision trees, and support vector machines (SVMs), have
been applied to predict CKD. Still, they suffer from imbalanced data problems and nonlinear relationships
among the features. These limitations further motivate better and more complex algorithms to handle these
complexities effectively.

Researchers later switched to a more robust model that could model non-linear relationships and extract
complex features from massive datasets like deep learning (DL), replacing traditional model limitations. Ma et
al.!® demonstrated the applicability of CNN in improving the diagnosis of CKD, especially using medical images.
They combined particle swarm optimization (PSO) and genetic algorithms (GA) with deep learning models to
add a feature selection part to their actual feature selection methods to minimize the distortion and overfitting
effect. RNNs demonstrated their capability of modeling time series data and tracking the different continuous
changes in patient conditions in the past, as was done by Zao et al.!l. Researchers began forming deep learning
models with optimization algorithms to combat these weaknesses. For studies where GA and PSO are used
to achieve feature selection and model generalization to improve stability and accuracy over several datasets,
Bhaskar et al.!? performed. Nevertheless, the usefulness of these optimization techniques may be limited since
they cannot explore the solution space fully and escape the local minima, providing suboptimal solutions in
medical applications.

In recent days, traditional optimization techniques have become less valuable, and the population
optimization algorithm (POA) is given as a powerful substitute. The disadvantage of POA is that it will explore
the solution space less thoroughly. However, it uses a population-based approach to explore solution spaces and
marginalized local optima better, which in turn leads to better model generalization. For medical applications,
datasets are very imbalanced, feature pairs have non-linear interactions, and POA works well in those data sets.
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In recent studies, attempts have been made to enhance DNN with a population-based optimization algorithm,
POA, to predict the onset of CKD. Thus, as mentioned by Bhaskar et al.!2, POA is not only helpful in speeding
up the exploration of model parameters but also improves the generalization and stability of the model across
different datasets. The local optima problem is addressed; hence, overfitting, typical for medical data analysis,
may be avoided. Therefore, POA is a suitable optimization technique for CKD prediction, where the medical
dataset is usually highly skewed and has a class imbalance.

However, as Hassan et al.!* pointed out, ours is one of the recent studies comparing different machine
learning models to predict CKD, which did not focus on combining POA and DNN. Although Hassan et al.!®
comprehensively evaluated the machine learning models in the context of CKD, their method did not consider
the optimization methods necessary to overcome challenges such as overfitting and local minima present in
medical datasets.

OptiNet-CKD deploys POA to overcome those challenges in optimizing the deep learning model and
increasing the prediction accuracy. This method ensures the robustness and the ability to handle imbalances,
missing values, and non-linear relationships well with much better generalizability when dealing with complex
medical datasets.

The results also showed that combining POA and DNNs greatly enhances model accuracy. For CKD
prediction, Singh et al.” and Zhao et al.!* show that deep learning techniques can be combined with optimization
strategies to create more accurate and robust models. Our approach is based on integrating POA into the DNN
framework, which mutations previous machine learning models.

POA is integrated into the deep learning models via deep learning and optimization as a paradigm, which
is a step beyond traditional machine learning. Such a shift suggests that there is a bigger picture in healthcare,
with a greater and greater need for aptitude in dealing with large, complicated data sets and more reliable and
generalizable approaches. OptiNet-CKD can utilize the POA to find optimal model parameters to improve
generalization and provide a Predictive Power tool for CKD diagnosis along with potential other uses in medical
conditions that must rely on such predictive power.

Methodology

In this proposed research paper, the OptiNet-CKD framework, which is the combination of the deep neural
network (DNN) with the customization of the population optimization algorithm (POA), is proposed as
a solution for the prediction of chronic kidney disease (CKD). In contrast to the traditional gradient-based
methods, POA was specially chosen to improve the training process by helping to explore more of the solution
space. Although gradient-based optimizers are often used in DNN training, they have drawbacks, especially
in high-dimensional and complex datasets such as the CKD prediction task. However, they usually converge
prematurely to local minima, which further results in suboptimal solutions in case of nonlinear and imbalanced
data. On the other hand, POA operates by keeping a population of initialized networks with various weight
configurations, and it perturbs those weights to explore more of the solution space.

POA differs from gradient-based methods, which operate only on a single point in the solution space,
being the current model weights, insofar as the population of networks that it grows allows for multiple weight
configurations to be explored simultaneously. It helps to subvert the problem of falling into local minima, an
essential issue of training deep learning models on complex medical datasets. Since POA does not rely on the
gradients but explores a more significant part of the search space, the network population is diverse, and thus,
POA prevents getting stuck in suboptimal solutions. Therefore, POA provides more robust and generalized
solutions and increases the accuracy of predicting CKD, even when noisy, missing, or unbalanced data exists.

OptiNet-CKD’s DNN architecture consists of an input layer, followed by two hidden layers with 64 and 32
neurons, which apply the ReLU activation function. For binary classification, the output layer is a sigmoid-
activated layer. Like the DNN, the POA optimizes the weights and biases across the network population by
extending weight updates and enhancing network generalization. This approach reduces overfitting and enhances
model robustness and accuracy, which is more suitable for complex and heterogeneous datasets, such as CKD.

Dataset

This work utilizes a dataset to predict CKD, which is embodied in patients’ clinical records, constituting
numerical and categorical features mixed to get better apprehension about patient health outcomes pertinent to
the process of CKD diagnosis. This dataset comprises 400 patient records from public medical data, including
24 features, so it is relatively varied and sized in a way representative of the realistic challenges of such problems.
These records describe a single patient and contain several clinical measurements of kidney function as well as
general health.

Data set description

This in-home dataset is designed to help you practice CKD prediction skills using a variety of clinical features
related to CKD, validated by literature. Figure 1, the Correlation Heatmap of the kidney disease dataset, provides
a simple explanation of the first five records, giving a sense of what is included.

Feature descriptions

This includes the standardized numerical and binary categorical features, which reflect the number of patients’
health conditions, as depicted in Fig. 2. In the current analysis, the major independent variables included
albumin level (al), sugar level (su), age, and blood pressure (bp). Other independent variables were numerical
variables comprising packed cell volume (PCV), white blood cell count (WC), and red blood cell count (RC). It
is a linear-type variable, and therefore, it is more suitable for numerical analysis than categorical data.
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Correlation Heatmap of Kidney Disease Dataset
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Fig. 1. Correlation heatmap of kidney disease dataset.

Background Most of the variables in the dataset are binary categorical variables ranging between 0 and

They include rbc, which measures the presence of red blood cells, and pc, which measures the presence of

Correlation Coefficient

1.

pus cells. Another variable, PCC, measures the presence of pus cell clumps and the presence of bacteria, while
Hyp-denotes hypertension and Dmb-denotes diabetes. Other variables include binary responses of coronary
artery disease (cad), appetite good/poor, pedal edema (pe), and diabetes mellitus (dm). All of these features are
helpful in the staging of CKD. The dependent variable is the dichotomized CKD status, with the patient having
CKD labeled as one and the patient without CKD labeled as 0. Consequently, this dataset makes it possible to

effectively model and explain using different health indexes revolving around the prediction of CKD.

The selected features are both numerical and categorical, and for model training, each feature is either
standardized or encoded. The dependent variable, referred to as “classification’, is a binary in which 1 depicts a

patient with CKD and 0 is a patient without CKD.

Figure 3 shows the target variable distribution of our dataset. This dataset contains 248 instances of CKD, and

non-CKD is less than half, i.e. 152, which makes a balanced data set for both classes.

This data preprocessing step makes the OptiNet-CKD model a much cleaner dataset and ready to achieve

bigger prediction scores because we present only structured information'®. The proper shaping of the dataset

is

necessary for a model to learn well and give better results in prediction, thus helping to prove the OptiNet-CKD

system’s success as a CKD predictor?®.

The dataset features are divided into numerical and categorical. Age; blood pressure (BP); specific gravity of

urine; albumin levels in the urine, sugar levels in the urine, random blood glucose level, BU B serum creatinine
level X 1 integer: sodium APTT K ad AT; Hemoglobin PCV WBC OGTT R BC There are thirteen factors
including the red blood cell, pus cells; bacteria in urine and three if any one of them is recorded as present
the level will be 1 (yes otherwise no), with most changes occurring at C, D b&F; H, I, K, O set. The dependent

variable or target (class) column tells us whether the patient has CKD (1 if it’s a case, 0 otherwise).

For training and evaluation, the dataset underwent several preprocessing steps to make it valid. This was
followed by the handling of missing values, as many features had gaps in their datasets!”. Missing values in all
numerical attributes were filled with the median value and outliers. Approximate mode was used for imputation

of the most frequent value in case a data point is missingrier_transformer_fit().
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Fig. 2. Feature descriptions.
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Fig. 3. Distribution of the target variable.
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Next, we normalized the numerical features with StandardScaler to give them a mean of 0 and std_dev of 1.
This step is essential to a DNN learning effectively from the data since it puts all numerical attributes on a similar
scale'®. LabelEncoder converts categorical features to numerical values, which can be made or processed by the
DNN. Furthermore, the target variable was encoded in which one denoted CKD presence and 0 CKD absence
to simplify the problem as a binary classification one'.

The training set of the data is split by 70%, and the testing part is to validate how well the model has performed.
Generally, 80% is for training, and the other 20% is used for testing. Data will be split into test and training sets
so that neuronal networks can be evaluated on unseen samples. Thus, it will estimate the network generalization
capabilities®. These stats will give ideas about the characteristics of this dataset and assist in recognizing possible
outliners by finding mean, standard deviation, minimum values, and maximum values?’.

The CKD dataset was preprocessed as explained above, and after that, it was ready for training and evaluation
of our OptiNet-CKD model. This pipeline formats the data into a format suitable for training, which our model
can learn from, and that is what is left once we are comfortable with it to create predictions about CKD2,

Data preprocessing

Such data preprocessing is an essential step in the OptiNet-CKD system to have a valid, clean dataset suitable
for model training®>*. This step includes dealing with missing values, standardizing numerical features, and
encoding categorical variables. This means that each of these steps is crucial to enhancing data quality for
performance improvement in building the predictive model>%°.

First step in data preprocessing—handling missing values integer variables (if they have any missing values
then they will also be included, and we use the median instead of mean for these since this is more resistant to
outliers keeping our tendency, central) This means that we need to choose one specific value (the most frequent)
for each categorical feature in order to replace missing data with it, i.e., the technique will maintain only the
dominant category within a whole dataset?®. By using this way to deal with null values as input variables, we
make sure that the entire dataset stays usable and safe for further analysis®’.

Let X be the dataset with features X; for: = 1,2,...,n.

1. Numerical features:
« For each numerical feature X;:

o Identify missing values in X;:
« Compute the median of X; using Eq. (1).

ETEN
dian (X)) =4 —F =5, if niseven 1
median (X;) X(Ei, if nisodd W
2

where X (j) represents the jth order statistic (i.e., the jth smallest value in X;).

o Replace missing values in X; with median(X;) using Eq. (2).

X, — X; if Xj is not missing )
37 mode (X;), if X; is missing @)
2. Categorical features:
o For each categorical feature X;:
o Identify missing values in X;:
« Compute the mode of X; using Eq. (3):
mode (X;) = argmazxs Z 1(Xj: =k) (3)
i=1
where 1 is the indicator function, and k is a category in X;.
« Replace missing values in X; with mode (X;) using Eq. (4):
X, — X; if Xj is not missing 4
37 mode (X;), if X; is missing )
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1: Input: Dataset X with numerical features Xnum and categorical features Xcat
: Output: Dataset Xmissing With imputed missing values
: procedure HANDLEMISSINGVALUES(X)
: Initialize dataset Xmissing

: for each numerical feature Xnum€ X, do

2
3
4
5
6: if Xnum contains missing values, then
7 Compute the median of Xnum, median(Xnum)

8 Replace missing values in Xnum with median(Xnum)
9:  Add Xnum to Xmissing

10: for each categorical feature Xcat€ X, do

11:  if Xcat contains missing values, then

12: Compute the mode of Xcat, mode(Xcat)

13: Replace missing values in Xcat with mode(Xcat)
14:  Add Xcat to Xmissing

15: return dataset Xmissing

Algorithm 1. Handling missing values

Numerical values are standardized using StandardScaler, which scales by setting the mean to 0 and scaling
the variance of the feature. This step plays a critical role in enabling the DNN to learn effectively from data,
normalizing all numerical features to lie within the same scale so that no singular feature excessively biases our
model towards it?*?°,

Let X,um be a numerical feature in the dataset.

1. Compute the mean finum Of Xpum using Eq. (5):

n
1
Hnum = — Z Xnum,i (5)
n
i=1
where X,,um,; is the ith value of the numerical feature X, and n is the number of instances.

2. Compute the standard deviation onum of Xnwm using Eq. (6):

n

1

Onum = E Z (Xnum,i - Mnum)2 (6)
=1
3. Normalize X,um using Eq. (7):
norm Xnu'm - Mnum
Xnum, = S = P (7)
U’num
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: Input: Dataset Xmissing With numerical features Xnum
: Output: Dataset Xnormalized With normalized numerical features
: procedure NORMALIZE(Xmissing)

: Initialize dataset Xnormalized

1
2
3
4
5: for each numerical feature Xnum€Xmissing do
6: Compute the mean pnum 0f Xnum

7:  Compute the standard deviation Gnum of Xnum
8: Normalize Xnum using:

9 Xnumnorm = (Xnum - [num) / Gnum

10:  Add Xnumnorm to Xnormalized

11: return dataset Xnormalized
Algorithm 2. Normalization

The first mandatory step in any deep learning example is to preprocess the data, and that involves encoding
your categorical variables using LabelEncoder, taking care of the conversion of categorical features into
numerical values for sequential data, which can be fed directly into a DL Model®. This transformation needs to
be applied before including the categorical data in the model. Also, it has the binary classification task because
CKD presence is labeled as one and absence zero for the target variable®.

Let Xcqt be a categorical feature in the dataset with m distinct categories. Let k represent the category labels
such that k € {k1,ka,... , km}.

1. Label encoding for categorical features:
o For each categorical feature Xcq¢:
enc

« Apply LabelEncoder to transform X, into numerical values X, using Eq. (8).

cnt = Label Encoder (X cqt) (8)

o The transformation maps each category k; to a unique integer j, using Eq. (9):

s;th:jifXCai:kj forj:1,2,...,m (9)

N

. Encoding the target variable:
o The target variable y indicating C K D presence is encoded as follows:

e y=1 if CKD is present

e« y=0 if CKD is absent
1: Input: Dataset Xmissing With categorical features Xcat
2: Output: Dataset Xencoded With encoded categorical features
3: procedure ENCODECATEGORICAL(Xmissing)
4: Initialize dataset Xencoded
5: for each categorical feature, Xcat€ Xmissing do
6: Apply LabelEncoder to Xcat:
7 Xeaat"enc = LabelEncoder(Xcat)
8:  Add Xcat"enc t0 Xencoded
9

: return dataset Xencoded

Algorithm 3. Encoding categorical variables
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DNN architecture
The DNN architecture has an input layer feeding into two hidden layers of 64 and 32 neurons, respectively, with
a sigmoid activation function for each output layer. DNN uses each layer to transform the input feature set so
that it will enhance the total prediction of CKD, which has probability at network output®!. To be more precise,
the input layer has NUMBER OF NODES = FEATURES IN X (p), where if you have features in x, then there will
be neurons on the Input Layer?>3>.

The first hidden layer with 64 neurons and ReLU (rectified linear unit)-activation function using Eq. (10):

freLw () = max (0, z) (10)

Suppose W) and b are the weights and biases of the first hidden layer. Then, the 1st hidden layer output h*)
is given by Eq. (11):

hY = frepa (WX +Wo) (11)

The 2nd hidden layer contains 32 neurons, and it uses the ReLU activation function, which can be quantified by
Eqgs. (12) and (13):

frRerLw () = max (0, z) (12)

W : Weights of the 2nd hidden layer, b(®): Biases of the 2nd hidden layer Output of 2nd hidden layer h(?.
Where

h® — fReLu (W(2>h(1) + b(2)) (13)

Only the output layer is sigmoid, defined with a single neuron as Eq. (14),

1

TTter (9

fReLu (l’)

Weights and Biases of the output layer: W) and b®) dimensions. Output § (the predicted probability of CKD)
by using Eq. (15):

g = fsigmoid (W(3)h(2) + b(3)) 3)

The model obtains high performance with perfect metrics, and we verify that this does not happen because we
do not overfit or split the dataset in a biased manner. We have validated it using k-fold cross-validation to ensure
that our model generalizes. Furthermore, we examine and check carefully to ensure no data leakage and the
training and testing data are separated correctly.

Population optimization algorithm (POA)

To enhance the predictive capabilities of this network, we use the POA to fine-tune weights and biases across
a population range during training®*. POA works by initializing a population of random initialized neural
networks, as this sustains the diversity in the population and exploration across solution space’.

As it maintains a diverse population of networks, POA helps prevent overfitting by allowing for a broader
search of the solution space. With this diversity, the model does not rely on one particular solution but increases
its capability to generalize to unseen data. In contrast to other traditional gradient-based methods, POA
perturbs a vector of weights across a population of networks, thus enabling it to explore different potential
solutions simultaneously. Empirical results demonstrate that this performs better in terms of generalization than
traditional methods in both medical datasets, such as CKD, with non-linear relationships and imbalances.

This is the code on how the POA algorithm works. At the root of replay, we start off with a population of
N neural networks that have some random weights and biases (referred to as ®; where i€ {1, ... N). Now, each
model from the above Neural network Population is trained on this training dataset, and then, based upon that
validation data set, we evaluate what performance they have®®*’. In order to evaluate, it computes evaluation
metrics such as accuracy, recall, precision, F1, and ROC-AUC.

Based on these performance metrics, the network 6ycs: with best-performing is identified. By perturbing the
weights in our GA by some inflation rate | (also known as a mutation rate), we then go through and do the same
to each of the other networks within our population®3*. The new weights """ for the i-th network at iteration
t 4 1 are updated using the Eq. (16):

0D =9 4N (0,1) (16)
where N (0, 1) is a standard Gaussian random variable. This iterative optimization process is then followed by

a number of iterations 7".
Mathematically, the goal is to minimize the binary cross-entropy loss function L, defined as Eq. (17):

n
N 1 N N
L(y.9) =~ lyilog (§) + (1 — ) log (1 —5y)] (17)
1=1
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This is the loss function we would like to minimize with respect to our weights and biases 6, written as Eq. (18):
0" = argy"" L (y, f (X;6)) (18)

In this training process, OptiNet-CKD ensures the proper optimization of DNN by utilizing POA to improve
performance and make reliable predictions for CKD diagnostics*®4!.

1: Input:
Training dataset X, labels y, population size N, inflation rate n, number of iterations T
2: Output:
Optimized weights and biases @*
3: function TRAINWITHPOA(X, y, N, n, T)
4: Initialize a population of N neural networks (i, where i ranges from 1 to N) with random

biases and weights.

S:fort=1to T do

6: for each network ®i do

7: Train ®;i on X and evaluate performance
8: Calculate loss Li and other metrics

9: Take the best network ®pest

10: for all networks @i # ®best do

11:  Update weights and biases:

12: O (t+1) = Bpest™(t) + 1 -N(0, 1)

13: return Obest as OF

Algorithm 4. DNN training with POA

In this work, we have presented a complete explanation of the OptiNet-CKD algorithm as the integration
of the population optimization algorithm (POA) with deep neural networks. We emphasize the information
collection strategy and how a deep neural network for classification is trained simultaneously in the OptiNet-
CKD. The step-by-step procedure of the algorithm is described from the initialization of the network population
right through to the iteration of the optimization within POA.

Initialization: It consists of randomly initializing a diverse population of neural networks with different
weight configurations to attempt to explore a wide solution space.

Training: Every network in the population is trained using the given dataset, and its performance is evaluated
using standard evaluation metrics like accuracy, precision, recall, and F1-score.

Optimization: The weights of the networks are iteratively updated using POA, and each networK’s performance
affects its following weight adjustment. This perturbation process enables the algorithm to investigate other parts
of the solution space and bypass local minima.

Iteration: the iteration of multiple iterations to help the population of networks converge towards optimal
solutions while keeping diversity in the population and improving generalization and robustness.

Through this methodology, the strength of deep learning is combined with the power of population-based
optimization. At the same time, the OptiNet-CKD model can harness its power to work on complex and
imbalanced medical datasets, as would be the case in chronic kidney disease (CKD) prediction.

Proposed OptiNet-CKD system
The combination of various advanced techniques forms a workable model for the CKD prediction system
named OptiNet-CKD. These techniques include deep neural networks (DNNs), heuristic population-based
optimization, data preprocessing (imputation, normalization, encoding), and the use of Optuna for automated
hyperparameter tuning. The goal of this integration is to improve performance and enable greater accuracy,
robustness, and predictive capabilities compared to traditional machine learning methods. OptiNet-CKD shares
data preprocessing and DNN construction with the basic approach but requires significantly less time for the
manual design process (1 week), which is automatically optimized using Optuna. This section elaborates on
the smooth coordination of these techniques, supported by step-by-step algorithms and intricate mathematical
formulas, demonstrating that the OptiNet-CKD model is particularly effective in medical data analysis.

Figure 4 provides a comprehensive view of the various stages involved in the CKD prediction model. It begins
with preprocessing steps like imputation, scaling, and encoding. Next is the model architecture with an input
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Fig. 4. Overview of the CKD prediction model architecture.

layer, two hidden layers (64 and 32 neurons, both using ReLU activation), and an output layer to a single neuron
with sigmoid activation. Next, the POA is shown, which tries to improve its training by introducing model-
specific strategies called weight perturbation, Iterative selection, and population update. The evaluation metrics
section finally specifies the criteria that have been put in place to measure the model’s performance, which
include accuracy score and other measurements such as precision, recall, F1 Score, and ROC-AUC, verifying a
robust assessment of how well our model is measuring its predictive estimation.

Model training

The training phase of the OptiNet-CKD system is the heart of the system since it constructs and optimizes the
deep neural network using the POA. The structure of the DNN is designed to trade oft complexity and optimal
performance and contains multiple layers that enable capturing complex data patterns.

Evaluation

OptiNet-CKD performance was measured with the ROC-AUC and other measures, such as accuracy, precision,
recall, and F1 score. These two metrics, in combination, are supposed to give a full picture of how well the model
predicts. Accuracy—the fraction of the correct predictions: accuracy gives an idea of how often a model is being
right; to get accuracy, we divide successfully predicted instances (relevant correctly) by the total number of all
predictions made. Precision is the number of correct positive results divided by the number of all predicted as
positive, while recall (or sensitivity) specifies how many actual positives were identified correctly. F1 is then a
weighted average of the precision and recall, where an F1 score reaches its best value at 1 (perfect precision and
recall) and worst at 0. ROC-AUC quantifies how well the model can differentiate between negative and positive
classes while varying a threshold.

Figures 5 and 6 show the distribution of blood pressure and age in binary classification separately. These
results underscore how well the model can properly categorize CKD cases using these core health values. In
the external validation analysis, the OptiNet-CKD model maintained almost extremely high C-statistics for all
evaluation metrics, demonstrating a significant capability of accurately and validly predicting CKD.

These metrics include both specific and generic (e.g., AUROC) ones; in light of the results, OptiNet CKD has
scored perfectly on all these, controlling for conscientiousness to predict CKD flawlessly. Exactly, I mean 100%
of the model’s findings matched those cases in our data prevState. A precision score of 1.0 would indicate that the
model avoided all false positives, i.e., classify no non-CKD case as CKD and recall at a value of one (meaning it
had detected every possible recurrence). Also, the F1 score (append), an average of precision and recall, reached
amax of 1.0. It also supports the idea that our model is working balanced. The ROC-AUC score of 1.0 confirms
it again, which means the model could recognize positive/negative classes with a perfect condition regarding all
kinds of thresholds).

The outstanding results mentioned above verify the generalization capacity and stability of OptiNet-CKD,
which also means it has a broad range of practical values for possible on-site use in clinics to detect CKD.
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Fig. 6. Age distribution by classification.

Further, the synergies of improved pre-processing and richer DNN architecture with our very own POA have
resulted in thoroughly outperforming all classical methods and also setting new standards for this domain.
Hence, our suggested model, OptiNet-CKD, is the most suitable for CKD prediction, with excellent performance
and reliability.

Experimental results and discussion
The OptiNet-CKD model achieved competitive performance and a strong potential for predicting CKD. The
model achieved the following key results:

Accuracy: The model achieved an accuracy ranking of 1.0, meaning that all the predictions were to the point,
ranging from the patients having CKD to the ones without it. This result appears to support the ability and
feasibility of the model when applied to clinical prediction. Figure 7, which depicts the performance measure
of the model.

Precision: The observed precision of 1.0 indicates that this means no false positive: none of the healthy
controls were misclassified as having CKD. This is critical in clinical practice, as it allows for ruling out the
possibility of a wrong diagnosis.

Recall (Sensitivity): Recall also attained a score of 1.0 to suggest that the model was able to identify all CKD
patients from the dataset. This shows that the model is highly sensitive.

F1-Score: The F1-Score, the harmonic mean of both precision and recall rates, was also 100%—1.0. This
trade-off between precision and recall is further evidence of how well the model deals with differentiating
between CKD and non-CKD.
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ROC-AUC: The model generated an ROC-AUC of 1.00 for CKD and non-CKD discriminating assignment

at all thresholds. This is an important sign of this model’s potential as a prediction model.

Figure 8 shows the performance comparison of the proposed OptiNet-CKD with another state-of-the-art
model. Figure 9, which is the ROC curve, approves the model’s excellent classification capability. The OptiNet-
CKD model, which comprises a DNN connected with a POA, showed better performance than regular machine
learning models. The acquisition of the scores of unity across the accuracy, precision, recall, F1 score, and ROC-
AUC makes the model apt for managing category III medical datasets employed in the prediction of CKD.

The overall prediction performance of OptiNet-CKD is higher than that of other classical models, including
logistic regression, decision trees, and traditional deep neural nets (Refer to Fig. 8). These traditional models,
though they are to some extent of great aid, fail to accommodate non-linear interaction and possess both as a
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Fig. 10. Confusion matrix.

result of review, either overfitting or poor generalization. Thus, it can be claimed that by including POA and

DNN in the works of OptiNet-CKD, more options were searched through the space, and model parameters were
tuned better to give accurate estimations.
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Fig. 11. Heatmap of model comparison metrics.

The confusion matrix shown in Fig. 10 and the heatmap of comparison metrics in Fig. 11 also support the
accuracy of classification by the model. Specifically, the matrix states that there are no misclassified classes, and
thus, no false positives and false negatives in the model are observed. The heatmap also depicts the model as
performing better in all the evaluation criteria than the ground truth.

Cross-validation scores further corroborate the earlier findings and are illustrated below in Fig. 12. The little
variation across the validation folds gives a good indication that overfitting could hardly be an issue with this
model.

The results section explains the metrics we used in more detail, such as accuracy, precision, recall, F1-score,
and ROC-AUC. Moreover, additional visualizations were made to make the result even more understandable
to readers. For example, to support our findings, we now show confusion matrices and ROC curves, as well as
performance comparisons to other recent works.

Despite this, our model has some drawbacks. Extremely unbalanced or noisy CKD datasets beyond that of
the CKD dataset may have a degradation effect on the model’s performance. Furthermore, the proposed method
does not consider the temporal aspect of the progression of CKD, which can be further considered in future
work. The model can be further improved for more noisy datasets in future research. Also, time series data can
be added to observe the disease progression concerning time for dynamic predictions.

Altogether, it is possible to conclude that the OptiNet-CKD model is a novel approach to the prediction of
CKD using DL integrated with population-based optimization methods concerning the heterogeneous nature of
medical data. The fact that it achieves these measures of performance suggests that it’s as good for clinical use as
one could hope and establishes a new bar of predictiveness for CKD.
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Conclusions and future work

The current work proposes OptiNet-CKD as a hybrid framework with deep learning techniques and a
customized Population Optimization Algorithm for predicting CKD. Its results showed better performance in
evaluation metrics such as accuracy, precision, recall, F1 score, and ROC-AUC, which validate its usability in
medical data evaluation. OptiNet-CKD stands out by effectively balancing computational complexity and high
performance, utilizing POA to adjust hyperparameters dynamically throughout the training process. That keeps
strong predictions and prevents overfitting from happening at once while efficiently consuming computational
resources. Thus, it is designed for real-time usage and is an open source, effective tool meant for clinical diagnosis
of CKD, or for that matter, suitable as its architecture supports diverse health-related apps; thereby, it can even be
applied to other medical predictors as well. This harmonious integration of precision, efficacy, and flexibility by
OptiNet-CKD would revolutionize the diagnosis and support data-driven development in health care. It might
continue to evolve into a tool for medical practitioners to apply in their entire diagnosis through continuous
research and development.

Future work will extend the capabilities of OptiNet-CKD, which could be made by involving other patient
data, including genetic information and lifestyle factors, and longitudinal health records to improve prediction
accuracy and its real-world applicability. Further uses of transfer learning, reinforcement learning, and attention
mechanisms will be beneficial for better performance on limited datasets and for generalizing the model further
to different medical conditions. Testing the model within clinical practices will also determine its feasibility and
effectiveness toward ensuring it can be easily deployed as a tool for diagnosing CKD and other chronic diseases.

Data availability
The dataset used in this study, “Chronic Kidney Disease dataset’, is publicly available on Kaggle and can be ac-
cessed at https://www.kaggle.com/datasets/mansoordaku/ckdisease.
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