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Abstract: Chronic kidney disease (CKD) refers to impairment of the kidneys that may worsen over
time. Early detection of CKD is crucial for saving millions of lives. As a result, several studies
are currently focused on developing computer-aided systems to detect CKD in its early stages.
Manual screening is time-consuming and subject to personal judgment. Therefore, methods based
on machine learning (ML) and automatic feature selection are used to support graders. The goal
of feature selection is to identify the most relevant and informative subset of features in a given
dataset. This approach helps mitigate the curse of dimensionality, reduce dimensionality, and enhance
model performance. The use of natural-inspired optimization algorithms has been widely adopted to
develop appropriate representations of complex problems by conducting a blackbox optimization
process without explicitly formulating mathematical formulations. Recently, snake optimization
algorithms have been developed to identify optimal or near-optimal solutions to difficult problems
by mimicking the behavior of snakes during hunting. The objective of this paper is to develop a
novel snake-optimized framework named CKD-SO for CKD data analysis. To select and classify the
most suitable medical data, five machine learning algorithms are deployed, along with the snake
optimization (SO) algorithm, to create an extremely accurate prediction of kidney and liver disease.
The end result is a model that can detect CKD with 99.7% accuracy. These results contribute to our
understanding of the medical data preparation pipeline. Furthermore, implementing this method
will enable health systems to achieve effective CKD prevention by providing early interventions that
reduce the high burden of CKD-related diseases and mortality.

Keywords: chronic kidney disease; convolution neural networks; machine learning; snake optimiza-
tion; feature selection; medical data analysis; deep neural network

1. Introduction

Almost 800 million people around the world are estimated to have chronic kidney
disease (CKD). Waste products and excess water are filtered by the kidneys and excreted
through the urine. As CKD progresses, the body may accumulate excessive amounts of flu-
ids, electrolytes, and waste products [1,2]. End-stage renal disease (ESRD) is characterized
by kidney failure. The term chronic kidney disease (CKD) refers to a condition in which
the kidneys are no longer able to filter blood as effectively as they should [1,2]. There is
no doubt that CKD can affect anyone, however, some people are more susceptible to it
than others. Specifically, patients who are suffering from heart disease, diabetes, old age,
abnormal calcium levels, or abnormal potassium levels. The World Health Organization
reported that there is an expected increase in the prevalence of CKD among adults aged
30 years or older from 13.2% in 1999–2010 to 16.7% in 2030 [3]. In addition, CKD is associ-
ated with an increased risk of cardiovascular disease. In certain circumstances, dialysis or a
transplant may be necessary. It is important to note that although chronic kidney disease
(CKD) is a serious medical condition, it can be treated if it is detected early enough.

Deep learning (DL) has been widely used in recent years for the analysis of medical
data and the recognition of patterns in those data [4–6]. In deep learning, computers are
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capable of receiving new information, decoding data, and processing the output without
the assistance of a human. Several aspects of this field could have potential impacts on
future computer technologies, including biomedical signals, image processing, and pattern
recognition [7–9]. For these approaches, an unstructured set of data is provided so that
computers can learn how to recognize ideal patterns related to a specific problem domain.
Although deep learning can perform many of the tasks performed by machine learning,
its functions are very different. First, the amount of data that can be absorbed by machine
learning is known to be limited. In addition, deep learning methods do not require manual
extraction of features; instead, they use neural networks to learn these features directly from
data. There are three main components to DL models: the data it uses, the network design,
and the training parameters. In order to achieve maximum efficiency, deep learning models
must achieve the perfect balance between these three elements [10]. Various conventional
deep neural network (CNN) techniques have been applied to diagnose CKD in its initial
stages after several trials to confirm the design of the model. To improve the accuracy of
the statistical analysis, Acharya et al. reviewed the data set of medically related diseases.
Various machine learning methods (such as CNN) are used in CKD image analysis to
achieve 94% classification accuracy [11]. Nithya et al. created a method for classifying
and grouping the data as part of their investigation of the renal disease data set [12].
The authors gathered the most recognizable photographs from various collections of
photos using the K-Means clustering method. Researchers used artificial neural networks
to estimate the prediction of kidney diseases to calculate the training accuracy of 99.61% [13].
Navaneeth and Suchetha [14] devised a strategy to predict chronic kidney diseases using
CNN and SVM. The authors believe that the sensitivity, specificity, and accuracy of the
prediction are higher. Bevilacqua et al. used frameworks and methods to assess chronic
kidney disease [15]. The authors estimated that the disease data set was classified with
85% precision using CNN machine learning technology. Most previous studies have had
difficulty obtaining high testing accuracy when using a small training dataset. Several
previous studies have been plagued by overfitting problems caused by the use of different
datasets, or they have reported accuracy, but some performance adjustments are still
missing (i.e., without clearly justifying if the obtained accuracy is for training or testing).
Additionally, working with noisy or blurred data can be challenging. Missing values have
been handled by researchers using the mean and median method, but this method is not
ideal for medical data sets, as the value of the missing value may be higher or lower than
the mean and median.

Deep neural networks rely heavily on optimization algorithms for a number of pur-
poses, including the extraction of features, the selection of layers, and the tuning of hy-
perparameters [16,17]. In order to extract features from raw data, automatic learning is
used to identify relevant representations or features. The learned features allow the neural
network to make accurate predictions or classifications of the data by capturing important
patterns, structures, and characteristics. A multidisciplinary approach is required to make
an accurate diagnosis of CKD predisposing during the early stages. As a result, assessing
predisposing factors can be challenging because it requires consideration of a number of
conditions that are intricately related and where the data are incomplete, contradictory,
or unavailable. To overcome the complexity of CKD data, snake optimization (SO) algo-
rithms [18,19] can be utilized to automatically learn a hierarchy of CKD features. As a
result of this feature extraction capability, deep learning eliminates the need for manual
feature engineering, which is time-consuming and prone to errors.

The goal of this paper is to propose a novel snake-optimized framework named CKD-
SO for CKD data analysis. As a result of the present study, the following novel contributions
have been made:

1. Provide a novel framework CKD-SO for the analysis of CKD data using two novel
custom CNN architectures. The architectures were constructed from scratch and
trained so that they were capable of identifying kidney disease accurately.
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2. An efficient and reliable pipeline for the preparation of medical data is presented, thus
improving the learnability of the devised model and enhancing its
prediction accuracy.

3. After the pre-processing stage, the snake optimization algorithm is used to select the
optimal combination of CKD features automatically, and machine learning algorithms
are utilized to predict CKD from the collected features, resulting in high accuracy and
reduced likelihood of incorrect diagnoses.

This paper is organized as follows: Section 2 provides background information
regarding the proposed algorithm. The proposed algorithm is detailed in Section 3.
Sections 4 and 5 show the experimental design and numerical results needed to evalu-
ate the proposed algorithm. A summary of our conclusions and future work is provided
in Section 6.

2. Related Work

Traditional machine learning approaches and deep learning approaches are the most
common approaches used to detect CKD [20,21]. It is generally accepted that tradi-
tional machine learning approaches consist of a two-stage process in which medical in-
formation is extracted and then classification algorithms are developed to detect CKD.
Krishnamurthy et al. developed a machine-learning model based on data from patients
who suffered from more than one disease at the same time [22]. As a result of a 5-fold
cross-validation procedure used to assess performance metrics, CNN performed well
based on a data set derived from Taiwan’s National Health Insurance Research Database.
Multiple classifiers were used in the analysis of the dataset, including convergent neural
networks (CNN). In an additional study [23] a machine learning-based approach to the
diagnosis of chronic kidney disease was used. A combination of optimal subset regression
and RF was used to extract features. After applying four machine learning algorithms,
they achieved an accuracy of 100% using the random forest method. As described in [24],
the authors used three machine-learning techniques to diagnose CKD: logistic regression,
wide and deep learning, and FNN. Additionally, the mean median method was used to
handle missing data, the Min Max Scaler was used to normalize the data, and the SMOTE
method was used to oversample the data. The FNN achieved an AUC score of 0.99 for
both real and oversampled data. Using RBF kernels, the authors of another study applied
SVM to categorize patients with CKD from patients without CKD. Six criteria were com-
bined to achieve an overall classification precision of 94.44%. In [25], the authors propose
a method that relies on artificial classification techniques to detect kidney disease. The
SVM sensitivity, specificity, and accuracy metrics were used to determine the best results.
Yashfi [26] proposed to analyze the data of CKD using random forests and artificial neu-
ral networks. As a result, 20 out of 25 features have been extracted with a high level of
97.12% accuracy.

An ensemble of deep learning-based clinical decision support systems (EDL-CDSS)
was presented by Alsuhibany et al. [27] for the diagnosis of chronic kidney disease in
an IoT environment. A different approach is employed to detect outliers, which utilizes
the Adaptive Synthetic (ADASYN) technique and employs an ensemble of three models,
namely the deep belief network (DBN), the kernel extreme learning machine (KELM),
and the convolutional neural network with gated recurrent networks. unit (CNN-GRU).
DBN and CNN-GRU hyperparameters are also tuned using a quasi-oppositional butterfly
optimization algorithm (QOBOA).

In [28], cross-validation of K-structured K-folds was used to validate ML models,
SMOTE was used to manage data imbalances, the Local Outlier Factor (LOF) was used to
remove outliers, the KNN computation was used to calculate missing values and a new
hybrid feature selection method was used to eliminate redundant features. A random
forest classifier was found to be 100% accurate in predicting CKD without data leakage
among the eight classifiers used in this research.
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In addition to supervised machine learning models, high-performance neural net-
works driven by nonlinear AI, such as SOFNN-HPS (Self-Organizing Fuzzy Neural Net-
work with Hybrid Particle Swarm Optimization) and GK-ARFNN (Gaussian Kernel-Based
Adaptive Resonance Fuzzy Neural Network), demonstrate their ability to analyze medical
data [29,30]. SOFNN-HPS is a hybrid neural network that combines fuzzy logic with neural
networks to create models that can handle complex data. It optimizes the parameters of the
model using particle swarm optimization algorithms. GK-ARFNN is also a hybrid neural
network that combines fuzzy logic and neural networks. However, it uses an optimization
algorithm that is different from SOFNN-HPS. GK-ARFNN uses a combination of Gauss
kernel functions and adaptive resonance theory (ART) to create models that can adapt to
changing data inputs. In terms of performance, both models have shown good results
in the diagnosis and prediction of medical diseases. However, the choice between the
two models may depend on the specific requirements of the application. SOFNN-HPS
is preferred for applications that require high-level parameter optimization, while GK-
ARFNN is preferred for applications that need adaptability to change data input. In [31],
an optimal set of features is used to develop a decision-making system for improving CKD
prediction performance. Pretrained deep learning models are integrated with support
vector machines (SVMs) as metalearner models in the proposed ensemble model. For the
purpose of selecting the optimal feature list, four methods of feature selection are employed.
The proposed Layer2 scores 99.69%, 99.71%, 99.69%, and 99.69%, respectively, for accuracy,
precision, recall, and F1.

An intelligent classification and prediction method for chronic kidney disease (CKD),
was published in [32]. In this study, it is shown that there are a total of 24 characteristics,
and some of these features have been selected using DFS. A comparison of three clas-
sification algorithms is taken into account, including genetic algorithms (GA), adaptive
classification (AC), and particle swarm optimization (PSO). According to the results of the
four algorithms, the accuracy was 95.00, 87.50, 85.00, and 75.00 for D-ACO, PSO, AC, and
GA, respectively. From Table 1, the following research gaps were identified:

• Most traditional feature selection methods use fixed evaluation criteria or scoring
functions to assess the quality of feature subsets. In CKD detection, these criteria
may not adequately capture the complex relationships and interactions between
CKD features. The present study addresses the issue of fixed feature selection by
automatically selecting features’ combinations with the help of the SO algorithm.

• The majority of research to date has focused on the application of CNN for the enhance-
ment of image data sets to achieve the desired results, with only a few publications
using CNN to detect CKD from medical records. This leads to a loss of the potential
benefits of CNN in terms of classification and identification of the most important
features automatically without the intervention of a human. Due to the great ability
of neural models to handle nonlinearity in data, this study employed two custom
CNN models that are able to adapt to the crucial CKD information through layers of
neurons that are present in the structure independently.

• The accuracy of the models obtained for the training or testing phases has not been
formalized. This implies that no discussion is provided about the type of accuracy
obtained. Thus, imputed accuracy values in such models are susceptible to deviating
from the overall tendency to be accurate. The testing and training accuracy of the
devised models is effectively justified through the use of a variety of evaluation metrics.

• Most of the literature has trained models using unbalanced data, which produced
biased results. Additionally, several studies did not consider noisy or blurred data,
which can lead to the appearance of outliers in numerical features.A dedicated pipeline
has been utilized in the present study to handle unbalanced and missing data.
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Table 1. State-of-the-art CKD detection methods.

Ref. Method Pros Cons

Alsekait et al. [31]

A Pretrained deep
learning models including
LSTM, CNN, and GRU are
integrated with SVMs as
a metalearner models.

- A high degree of
classification accuracy is
achieved by the use
of pre-trained deep
learning models.
- The utilization of four
methods of feature selection
for CKD detection.

- A significant calculation
is needed to optimize the
pretrained network.
- The accuracy of the models
obtained for the training
or testing phases has
not been formalized.

Hassan et al. [33]

For the detection of
Kidney Disease, a variety of
machine-learning algorithms
are used. In addition,
CKD features were selected
using the XGBoost algorithm.

The devised feature selection
algorithm enhances the
classification task in
comparison to a
manual selection process.

The model has been
trained using unbalanced
blurred data which may
produce biased results.

Vasquez et al. [34]

A five layers Neural
Network based classifier
for CKD detection. An
adequate explanation
was provided to support
the precision of the
forecast using
CBR example.

The random forest classifier
was used to select the
features relevant to CKD
based on the information provided.

Since the nearest neighbor
method is used to represent
each case, the performance
of the CBR process is
influenced by the number of
features/variables present
in the case.

Sawhney et al. [35]
Multi-Layer Perceptron based
deep neural networks are
used to detect CKD in patients.

A high level of accuracy has
been achieved in the
detection of kidney disease.

- The model has been trained
using unbalanced blurred data
which may produce
biased results.
-The most relevant features
are selected based on
a classification technique which
takes considerable time to process.

Pal et al. [36]
Majority voting of three
machine learning algorithms
including RF, SVM, and ANN.

Three different patterns of
chronic kidney disease have
been examined.

The most relevant features
patterns are selected manually
which takes considerable time
to process.

Gazi et al. [37]
Three ML techniques
including KNN, LR, and DT.

A high level of accuracy
has been achieved in the
detection of kidney disease.

A correlation coefficient was
calculated for only 14 of the
attributes examined by the authors.

Chittora et al. [38] Random Forest, SVM, and DT,
KNN

Three different methods of
feature selection were applied
as part of the important
feature selection process.

The most relevant features
patterns are selected manually
which takes considerable time
to process.

3. Proposed Framework

This section provides a detailed description of the proposed method. Furthermore,
the data set used is described in detail. As part of the proposed approach, CKD medical
data are directly loaded into the deep modeling framework to obtain the final decision.
CKD-SO involves training a system that is potentially complicated using a single model
that encompasses the whole target system. Figure 1 represents the block diagram of the
designed system. First, we collected the data sets and prepared them for analysis. In the
following step, the data is divided into two groups: training and testing sets. To avoid
data leakage and overloading, we first implement data preparation techniques in training
sets and apply them to test sets. Categorical characteristics are encoded and missing
values are imputed. The next step is to remove outliers and balance the data classes.
The proposed method learns features and selects the most appropriate features by using
snake optimization algorithms. The Auto-Keras based-CNN was used to develop two new
models to classify CKD data. As a final step, the devised models are tested and evaluated
in terms of their performance.
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Figure 1. The proposed CKD-SO architecture.

3.1. CKD Data Input Layer

In order to create a predictive model using machine learning algorithms, it is necessary
to simulate real-life data that have never been seen before and determine the best way to
predict or categorize it. Models that suffer from data leakage cannot operate efficiently
when faced with new data in the real world as a result.

We collected a dataset (as shown in Table 2) from the Machine Learning Repository
at the University of California, Irvine. There are 400 samples, and many missing values,
extraneous, typing errors, class imbalances, etc. Table 3 represents a statistical report on the
state of the data, which includes many important points such as the status of missing values,
distribution ratios between each category of data, and information on the balance of the
data. In the following subsections, the exact details of data preparation and preprocessing
will be described in detail.

Table 2. CKD dataset description.

Seq Column Name Count Type Seq Column Name Count Type

0 id 400 int64 13 sod 313 float64
1 age 391 float64 14 pot 312 float64
2 bp 388 float64 15 hemo 348 float64
3 sg 353 float64 16 pcv 330 object
4 al 354 float64 17 wc 295 object
5 su 351 float64 18 rc 270 object
6 rbc 248 object 19 htn 398 object
7 pc 335 object 20 dm 398 object
8 pcc 396 object 21 cad 398 object
9 ba 396 object 22 appet 399 object
10 bgr 356 float64 23 pe 399 object
11 bu 381 float64 24 ane 399 object
12 sc 383 float64 25 classification 400 object

Table 3. CKD dataset statistics.

variables(#) 25 Duplicate rows 0

observations(#) 400 Variable types
Numeric (13)
Categorical (7)
Boolean (5)

Missing cells 1012

3.1.1. Data Preparation

The first step in preventing data leakage is to prepare the data records with the
following processes:
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1. Handle incorrect values.
2. Impute missing values.
3. Remove outliers.
4. Handle class imbalance.

Handling incorrect values: A total of 400 samples were analyzed from the collected
dataset, 250 of which were CKD samples and 150 of which were NOTCKD samples.
Due to typographical errors, the functions of the plethora of packed cells (PCV), the
number of red cells (RC), and the number of white cells (WC) were incorrectly considered
nominal. The data types representing these properties are converted to numerical data types.
The Python map method has also been used to correct a few other typos in other features.
categorical_cols are:

[′rbc′,′ pc′,′ pcc′,′ ba′,′ htn′,′ dm′,′ cad′,′ appet′,′ pe′,′ ane′]
Numeric_cols are:

[′age′,′ bp′,′ sg′al′,′ su′,′ bgr′,′ bu′,′ sc′sod′pot′hemo′,′ pcv′,
′wc′,′ rc′,′ classi f ication′]

Missing values imputation: The data set consisting of 24 features and contains
1008 missing values, as illustrated in Figure 2. Therefore, handling such missing val-
ues is a very difficult decision to make, especially when working with medical data and
attempting to build a model that generates real results. ’Bfill’ is used to handle missing
values in categorical variables, and ’mean’ method is used to handle missing values in
numerical variables [39]. Furthermore, we applied the compensation for lost values method.
The compensation for lost values method is a technique used to estimate missing values
based on the values of other variables in the dataset [39].

Outliers Removal: Machine learning models are adversely affected by outliers. This
allows a model to be formed on irrelevant data. The authors of [40] pointed out that if
external detection is implemented effectively, machine learning models for the analysis of
medical data will produce more accurate results and diseases will be detected early. We
have applied the local outlier factor (LOF) technique to remove outliers based on data sets
and problem statements in this study. The statistical and distance-based outlier detection
methods are more efficient than the density-based methods. A population’s location is
determined by a comparison between the neighboring cities K and the calculated density.
Extroversions are extracted from samples by comparing the density of the localities with
the density of the neighboring k. Based on 20 neighboring samples, we calculated the
Euclidean distance and discovered around 26 samples, including deviations. With the
training data set removed, we are left with approximately 274 samples. we have selected
several important columns, on the basis of which we will filter the data based on their
values. There are five columns that we have selected: ’age’, ’hemo’, ’pcv’, ‘rc’, and ‘sg’.
In the target column, these columns are among the most influential columns. Therefore,
we will eliminate their outliers and then focus on such data. Second, duplicate values can
result in deviations or biases from the model to specific values as a result of either their
large size and their effect on the target column or their repetition and thus their formation
as a block that attracts the model to it. The model is therefore biased towards one data type
rather than the other as a result, and any duplicate values must therefore be eliminated if
they are found.
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Figure 2. CKD dataset missing values.

Handling class imbalance: Machine learning models are affected by class imbalances
in almost every domain in which real-world data is available. Machine learning models
perform poorly when dealing with a small number of data classes [41]. A model that is
biased toward a specific category of data will produce an algorithm that performs well with
a specific category of data and performs poorly on other categories. There are several ways
to avoid this problem, including collecting data from its primary sources, balancing data
using dedicated algorithms for that purpose, or developing a universal algorithm. Our data
has already been collected, so we will not use this solution; According to [42], when there
are many samples in a data set, undersampling may be a good method for managing data
imbalances. However, when the data set is small, the synthetic oversampling technique is
most suitable. In our research, a synthetic minority oversampling technique (SMOTE [43])
was used. A SMOTE method increases the representation of minority classes in a dataset
by generating synthetic samples. As a result, the issue of imbalance is mitigated, and a
more balanced dataset is provided to the classifier for learning purposes. Instead of simply
duplicating existing samples, synthetic samples resemble the minority class, helping to
capture the underlying patterns and improve classification. The use of this method will
also help to overcome the problem of overfitting caused by random over-sampling. Due
to the elimination of deviations, there were approximately 274 samples, 114 of which had
CKD, and 184 were not affected.

3.1.2. Data Pre-Processing

The following section describes the different stages of data preprocessing.
Encoding Categorical Variables: The purpose of this phase is to convert categorical

values into numerical values so that machine learning algorithms can correctly recognize
and understand them. The data set cleaning generated ten categories of features (names).
The value of these categories is encoded as 0 or 1 using a hot encoding technique.

Standardization: The last step before starting to build a predictive model is to ensure
that all properties are measured at the same level by using data standardization. The
main advantage of this method is to improve the performance of model learning and
classification. We used Scikit-learn [16] to standardize the features using Equation (1) a
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sample x with a standard value is calculated. The mean of the training sample is µ and the
standard deviation is σ.

z =
x− µ

σ
(1)

Z-scores are calculated by dividing a particular value by the number of standard deviations
it deviates from the mean. The positive z-score denotes a value above the mean, whereas
the negative z-score denotes a value below the mean [44].

3.2. Feature Selection Layer

A feature extraction and selection process aims to identify those features from the
original dataset which are most relevant to the task at hand and to discard those features that
are not relevant or redundant. A machine learning model should benefit from the selected
features by improving its performance and reducing the complexity of computation. To
gain a better understanding of the data, one can look for correlations between the features
and the target. The correlation coefficient is not the most effective method of evaluating the
“relevance” of a feature, but it does provide us with some insight into possible relationships
within the data. The heat map is shown in Figure 3 indicates that there are some features
that have a high correlation coefficient, but there are also some features that show a strong
decrease in the correlation coefficient. To extract and select optimal features combinations
from CKD data, the snake optimization algorithm (SOA) is utilized in CKD-So (as shown
in Figure 4). Based on snake behavior, such as their hunting and movement patterns, this
model was developed. An overview of how the snake optimization algorithm can be used
to extract and select features is provided below:

Figure 3. Correlation coefficient of CKD dataset.

As a start, snake optimization is based on an unplanned population in which each
snake represents a subset of potential features, each with a binary value (selected or
not selected).
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Figure 4. Snake-based optimal CKD feature selection process.

An initialization step using all CKD collected features is performed in the function in
order to determine the snakes’ position, food quantity, and available temperature, as well
as the location of the male/female snakes. Afterward, modernization is carried out through
the phases of exploration and exploitation. The exploration phase is characterized by a
lack of adequate food. Therefore, the snake is searching for food at a variety of locations.
Initialize the location of swarms in the search space D using rand value ∈ [0, 1] between
min and max values for the data.

swarmi = swarmmin + rand× (swarmmax − swarmmin). (2)

assign the environments’ temperature and quantity of food following Equations (3) and (4).

Quantity(F) = C× Exp
(

n− N
N

)
(3)

where C is the constant value equals 0.5, N is the total number of iterations and n is the
current iteration.

T = exp
(
−n
N

)
(4)

afterward, segment the population size Num into two equal sets of male/female groups
SFemale and Smale.

Smale ' S f emale =
Num

2
(5)
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explore the search space (food not found) to obtain the best candidate for each group of
female and male swarms and the location of food in the exploration phase, the next position
of the male and female is assigned based on ambient temperature (T).

Food quantity Quantity(F) is calculated using the below equation:
In the following equation, the new positions Jth of the male and female are represented

when the temperature rises above the threshold.

Yn+1
j,s = Yn

(rand,s) ± D× Bs × ((Ymax −Ymin)× rand + Ymin) (6)

where rand represents the random position of the male and female. D is constant, D = 0.05.
This rand function mimics the movement of snakes when searching for food by incorporat-
ing the concept of local and global search. A local search enables the refinement of feature
subsets within a local neighborhood, whereas a global search allows exploration across
various regions of the feature space and may reveal improved feature combinations.

As a result, the new position of the fighting mode can be calculated using the
following equations:

Yn+1
j,s = Yn

(j,s) ± D×MF× rand× (Y(optimal,j) −Yn
(j,s))) (7)

Yn+1
j,g = Yn

(j,g) ± D× FF× rand× (Y(optimal,s) −Yn
(j,g))) (8)

where the fighting capability of the female is represented by FF, the fighting capability
of the male is represented by MF. A female’s mating capacity is represented by Sj and a
male’s mating capacity is represented by Ss. Optimal positions of swarm individuals are
represented as Yn

(rand,s), and D = 2.
It is reasonable to assume that during the process of modernization, the number of

males and females will be the same. Until the maximum number of iterations N has been
reached, this modernization process is continued. Each snake in the population should
be evaluated based on its fitness using an optimization function SO. The fitness function
measures the quality or effectiveness of CKD-selected features. SO is a function that imple-
ments the SOA algorithm. This function optimizes an objective function, Fitness(Yn+1

j,x ),
given a set of inputs.

Fitness(Yn+1
j,x ) = exp(− grand

xj,x
) (9)

where x represents a male or female snake solution. Once the optimization process has
been completed, select the optimal snake combination OptimalCKD whose fitness is the
highest as the final feature subset. A subset OptimalCKD represents the features that will be
used for subsequent machine learning tasks.

3.3. Data Classification Layer

For the detection of CKD from health records, three machine learning algorithms
including XGBOOSt, ExtraTree, and SVM are utilized. Additionally, two new customized
CNN-based models were used. The details of each model are given in the
following subsections.

3.3.1. Functional API_CNN Model

This network was built on the basis/method of the Keras Functional API, and this
method has many advantages, including that it allows you to connect layers in the network
with other layers, regardless of the location of that layer in the network, in addition to
providing developers with many important features in controlling the flow of data through
layers in the artificial network. This helps us form and build complex and interlocking
artificial networks to solve difficult problems and discover difficult patterns in the data,
and thus obtain a better and more reliable level of accuracy. This architecture has a first
layer, the input layer, which is not considered an actual layer in likeness since it does not
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perform any processing on the data entering through it. It contains 24 data entry positions,
which correspond to how many columns or features there are in the data. In the second
layer, which is Dense type, there are 32 units or neurons.

These units receive data from the input layer and perform a variety of calculations
and processing on it. As with the second layer, the third layer, dense, also repeats the same
process; however, it focuses on learning different features that allow the artificial network
to discover patterns in data or relationships between inputs and outputs, resulting in
1056 trainable parameters being generated from this layer. Afterward, the artificial network
begins to divide into right and left paths. On the right side of the model, the fifth layer is a
dropout layer with a random loss rate of 0.01, and its function is explained by neglecting
some of the trainable parameters at random, reducing overfitting through this layer from
the saving of features derived from the upper layers. The reason for this is that each time
the data is entered that layer provides a different set of learnable parameters for the next
layer, so good learning takes place and more features are extracted in each layer. The left
path contains four layers with the same arrangement and coordination as the right path, as
well as the same number of trainable parameters as the right path. It is therefore nothing
more than a re-creation of the layers, but it has a different aspect of an artificial network,
namely the random process of dropping out layers as well as learning the features with
random weights at the beginning of the training process. This is carried out randomly
and in a different manner for each layer and each track. A final compiling stage of the
API-CNN network was used for a total of 19,857 trainable parameters, which makes use of
the SoftMax activation function, as shown in Figure 5.

Figure 5. API-CNN model architecture.

3.3.2. Sequential Seq_CNN Model

The CNN can be instantiated as a sequential model because it is the simplest way
of building artificial networks, consisting of layers stacked upon each other. Unlike the
functional API, this method does not provide many features. It is not designed to create a
complex artificial network with multiple paths. Rather, it is designed to create an artificial
network with a single flow of data. There is no explicit input layer in this type of network,
but it is integrated into another layer of processing. An illustration of the structure of this
network can be seen in Figure 6 which consists of eight layers.
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Figure 6. Seq-CNN model architecture.

4. The Experimental Setting

A Keras package (2.2.4) with TensorFlow (1.13.1) backend was used to build the deep
learning-related models. The system configuration was NVidia, core i7, Windows 11, and
64 GB of RAM. The configuration of the experiments conducted is represented in Table 4.

Table 4. Overview of the experiment parameters.

Configuration
Parameters

Specification Configuration
Parameters

Specification

Input Data [numerical, categorical] Dataset
Training/testing

80% training,
20% testing

Data Shuffling Yes (Random) Classifier SVM, XGBoost,
ExtraTreesClassifier,
API-CNN, Seq-CNN

Class imbalance Yes [SMOTE] Outlier Detection YES [’age’,’hemo’,
’pcv’,’rc’,’sg’]

Input Data Size CKD: 150.
Not-CKD: 250.

features selection snake optimization

Missing values Yes [replace(np.nan,’?’),
compensation]

batch_size 10

Encoding
Categorical
Variables

Yes [0, 1] duplicate values [Yes, no]

Feature correlation
Yes [00-0.19 ‘very weak’
20-0.39 “weak”
40-0.59 “moderate”
60-0.79 “strong”
80-1.0 “very strong”]

Epochs number 50

Loss ’Binary_crossentropy’ Optimizer Adam

Evaluation Metrics

ML models were evaluated with each set of important features based on how well
they did in testing. An assessment of a classifier’s performance using the confusion matrix
is conducted on a dataset where its classifier’s real values are already known. The terms
are described in the following: true positives (TPs)—this indicates that CKD is expected
to occur. True negatives (TN)—this indicates that CKD is unlikely to occur. False positive
(FP)—this indicates that CKD is expected to occur, but the prediction is false (called type
I error). False negative (FN)—in this case, CKD is not expected (called a Type II error).
Using the formula given below in the table, classification reports are constructed using the
following measures of sensitivity, specificity, precision, and F1 score. A confusion matrix is
a table-like structure used to describe or evaluate a classifier’s performance. This matrix,
despite its confusing terminology, is generally easy to understand and simple to use. The
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ROC curve is used as a metric to evaluate the performance of binary classification problems.
Its function is to calculate the difference between true positive and false positive rates.

Accuracy =
(TP + TN)

(TP + FP + FN + TN)
(10)

Sensitivity =
TP

(TP + FN)
(11)

Speci f icity =
TP

(TP + FP)
(12)

FDR =
FP

(FP + TP)
(13)

F− score =
(2 ∗ TP)

(2 ∗ TP + FP + FN)
(14)

5. Experimental Results and Discussion

The performance of the API_CNN and Seq_CNN models will be explored in this
section. This is followed by a formal comparison with three general machine learning
models. Finally, the majority of relevant work for CKD detection will be summarized.

5.1. Deep Learning Performance

The performance of the API_CNN and Seq_CNN models is shown in Table 5.

Table 5. Overview of API_CNN and Seq_CNN models performance.

Training
Accuracy

Test
Accuracy

Test
Loss Precision Recall F1-

Score

API_CNN 100% 97.5% 3.5% 97.3% 92.9% 97%
Seq_CNN 98.8% 99.7% 97.3% 1.00% 99%

API_CNN was trained on 50 epochs of data and achieved a level of accuracy of 100%.
Using the test data, the model achieved an accuracy level of 97.5% (Shown in Figure 7), and
the cost function in the test data was 0.03. Additionally, the model achieved a precision
level of 97% and a recall level of 92.9%. In training on 50 epochs of data, Seq_CNN achieved
a level of accuracy of 99.7% (shown in Figure 8). In the test data, the model achieved a
level of accuracy of 98.8%, and the cost function in the test data was 2%. On the precision
scale, the model achieved 97.3%, and on the recall scale 100%. Figures 9 and 10 show the
proposed CNNs’ training and validation losses.

Figure 7. API_CNN model accuracy.
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Figure 8. Seq_CNN model accuracy.

Figure 9. API_CNN model loss.

Figure 10. Seq_CNN model loss.

The confusion matrix for the devised models is given in Figure 11.
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Figure 11. Confusion matrix for functional API and sequential model in the test set.

As a summary of the ROC curve, the Area Under the Curve (AUC) measures the
ability of a classifier to distinguish between classes. As the AUC moves to the left, the
model is considered to be performing better in determining whether a class is positive
or negative. As shown in Figure 12, the API_CNN model has an area under the curve of
97.5% while the Seq_CNN model has an area under the curve of 98.8%.

Figure 12. ROC curve for functional API_CNN and Seq_CNN in the test set.

5.2. Performance Comparison with Machine Learning Algorithms

This section tests the effectiveness of the devised preprocessing pipeline and feature
selection using 3 classifiers namely; support vector, ExtraTrees, and XGBoost classifiers.
It is evident from Tables 6 and 7 that the accuracy of the fundamental machine learning
classifiers has improved. ExtraTree is the most accurate prediction model for chronic kidney
disease, with an accuracy rate of 100%. Figure 13 illustrates the confusion matrix for the
models and AUC is given in Figure 14.

Table 6. Comparison with previous methods for CKD detection.

Training
Accuracy Test Accuracy Precision Recall F1-Score

SVC 96.25% 92.5% 100% 93% 96%
ExtraTrees 100% 100% 100% 100% 100%
XGBoost 100% 97.5% 96% 100% 98%
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Table 7. The performance metric of the proposed method after being subjected to 10-fold cross-
validation with ML classifiers.

Fold-1 Fold-2 Fold-3 Fold-4 Fold-5 Fold-6 Fold-7 Fold-8 Fold-9 Fold-10

SVC 97.5% 96.25% 100% 92.5% 92.5% 92.5% 100% 95% 97.5% 95%
ExtraTree 97.5% 100% 100% 100% 97.5% 100% 100% 100% 95% 100%
XGBoost 97% 100% 100% 95% 97.5% 100% 100% 100% 92.5% 100%

Figure 13. Confusion matrix for ML classifiers: from left to right SVC, ExtraTree, and XGBOOST.

Figure 14. ROC Curve for ML Classifiers: from left to right SVC, ExtraTree, and XGBOOST.

5.3. Performance Comparison with Related Work

The literature contains a significant amount of research for the prediction of chronic
kidney disease (CKD), as shown in Table 8. We compare the methods of our system with
some related work to evaluate their performance. Comparative research shows that the
proposed method can detect CKDs with greater accuracy than in previous work.

5.4. Discussion

The objective of this study is to use machine learning to detect CKD in its earliest
stages by dealing with the complexities associated with medical data. Additionally, we
developed a lighter snake-optimized feature selection algorithm and customized CNN
model for CKD detection which potentially reduced diagnostic time and cost. The problem
of feature selection (FS) involves initializing a solution using a binary vector. The length of
this vector corresponds to the dimensionality of the problem, with each bit representing a
feature in a dataset. The values of the elements are either ’0’ or ’1’, where ’0’ indicates that a
feature is not selected, and ’1’ indicates that a feature is selected. In cases where all features
are selected, the search algorithm’s runtime becomes exponentially long. Consequently, in
each iteration, the SO algorithm intelligently navigates towards improved search areas by
leveraging the best solution obtained from the collected dataset.
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Table 8. CKD-SO performance comparison with state-of-the-art CKD detection methods.

Classifier(s) Training
Accuracy (%)

Testing
Accuracy (%)

AUC (%) Optimization

[27] Ensemble of KELM, DBN,
and CNN-GRU models

96.91% N/A 99.72% ×

[38]
Random forest (RF),
Support Vector Machine (SVM),
and Decision Tree(DT),
KNN, with random forest is the best

100% N/A N/A ×

[23]
Random forest,
DT,
SVM,
and k-nearest neighbors (KNN).

100%
99.34%
98.33%
97.3%

N/A N/A ×

[13] Convolutional autoencoder 71% N/A N/A ×

[45] CNN,
Bi-LSTM

89%
87%

N/A 95.7%,
93.9%

×

[46] DNN 100% N/A 100% ×

[32] Ant Colony-Based Optimization 95% N/A N/A X

[47]
Logistic regression (LR) ,
Random forest (RF),
Support vector machine (SVM),
K-nearest neighbors (KNN),
EXtreme gradient boosting (XGB)

99.1%
98.1%
98.9%
94.9%
98.3%

N/A
100
99.3%
99.9%
98.1% 99.5%

×

[28] Bagging of Logistic Regression (LR),
Decision Tree (DT),
and Support Vector Machine (SVM)

97.23% N/A N/A X

[32] D-ACO framework based on Genetic algorithms (GA),
Adaptive classification (AC),
Particle swarm optimization (PSO).

87.50%
85%
75%

N/A N/A X

CKD-SO

Snake-based optimization using SVM
Extra Trees
XGB
API_CNN
Seq_CNN

96.25%
100%
100%
100%
98.8%

96.25%
100%
97.5%
97.5%
99.7%

96.5%
100%
97.3%
97.5%
98.8%

X

Figure 7 shows the training and test results after 50 iterations of training. It can be
observed that initially, the test accuracy is higher than the training accuracy on average for
the first 9 iterations, but as the epoch progresses, the training and testing accuracy become
more similar. After training the first eight epochs, the training and test became close to 90%.
As the epoch progressed, the accuracy of the train and test increased. As shown in Table 4,
other model evaluation metrics have been generated once training has been completed.

The 100% training accuracy of the API_CNN model (Figure 8 ) shows a low bias, i.e.,
it can learn training data correctly; compared to a test accuracy of 97.8% indicates that it
can also generalize well to unknown data with 3.5% test loss. The Seq_CNN architecture is
better suited to this use case due to its low computational complexity (model architecture
is given in Figure 6) without suffering from an overfitting problem. Furthermore, based on
the results shown in Table 4, it can be concluded that a precision of 97.3% indicates that the
model correctly predicted the cases of CKD. Thus, the model has an accurate classification
of the CKD data in 97.3% of the predicted patients. A recall of 100% means that the model
successfully identified 100% or all of the actual CKD cases. Since there is no class imbalance
in the dataset, an F1 score of 97% indicates strong model performance. The model has a
specificity of 92.9%, which means that it successfully identified 92.9% of actual cases of
non-CKD. A training accuracy of 98.8% for a sequential model means that the model has
a low bias, i.e., it has learned the training data effectively. The model can be effectively
applied to new data, as shown by the test accuracy of 99.7%. However, CNN models had
an overfitting issue because of the architecture’s relative complexity, which hindered their
generalization ability. On the CKD experimental data, the devised sequential CNN has
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made considerable progress in fitting the data (test loss of 2.4%) while also being able to
generalize well with 97.3%, and 100% for precision and recall, respectively. The efficiency
of the designed data preprocessing stage and snake-optimized feature selection algorithm
is also evaluated using a formal representation over three machine learning algorithms
(given in Tables 6 and 7). To address their classification robustness, the cross-validation
approach is used. Despite the fact that medical records commonly contain flaws that could
cause potential data leakage, the accuracy of the classification using the data preparation
pipeline and the snake-optimized feature selection algorithm has reached 100% using the
ExtraTree classifier. Table 8 illustrates the accuracy of the model developed compared to
a variety of previous approaches that used the same data set. In this evaluation, system
models are compared to the most successful initiatives in the detection phenomenon of
CKD in terms of testing/ training accuracy, and the utilization of optimization algorithms.
Compared to other methods, the suggested method offers improved effectiveness and
generalizability while selecting the optimal features using a natural-inspired algorithm.
The time complexity of the proposed architecture is influenced by two main factors: the
feature optimization process and the number of deep learning architectures used for
classification. The time complexity of the framework, when employing 2-customized
architectures, can be represented as O(2N), with N being the number of networks used.
Since this study uses two DNN networks (N = 2), the computational complexity is O(4).
Additionally, the feature optimization process contributes a computational complexity of
O(VK), where V denotes the number of running experiments and K represents the number
of iterations for the optimization algorithm [48].

Therefore, the overall computational complexity of the proposed network is given by
the sum of the complexities: O(2N) +O(VK). Consequently, it’s important to acknowledge
certain limitations of this study. Firstly, data pre-processing requires a significant amount
of time. However, it should be noted that the CKD parameters for our categorization
networks are automatically selected and reduced using the SO algorithm, which provides
an optimal composite feature set to the networks. Thus, the proposed CKD diagnostic
method faces similar computational and storage challenges as existing methods.

6. Conclusions and Future Work

In this paper, a novel optimized learning technique for CKD detection is suggested.
The main objective of the study is to suggest an efficient system that achieves maximum
accuracy compared to other existing CKD detection techniques using a snake optimization
feature selection algorithm. The suggested model was tested in 400 cases, which were
split into CKD and non-CKD instances. On testing 20% of the total epochs, the suggested
method attained an accuracy of 99.7% with 100% sensitivity. The proposed method for CKD
detection is effective and reliable compared to other earlier methods. The devised system
may eventually be implemented for real-time detection and forecasting. The research can
also be expanded by including domain expertise in outlier detection, which will increase
the robustness of the suggested approach. Additionally, deep learning algorithms can be
used to provide precise medicine by identifying subgroups of CKD patients most likely to
respond to specific treatments. This process could lead to more personalized and effective
treatment for CKD patients. In addition, it will be possible to investigate the performance
of superior nonlinear neural networks driven by artificial intelligence such as SOFNN-HPS
and GK-ARFNN to predict the treatment processes of CKD.
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In this manuscript, the following abbreviations are used:

CKD Chronic kidney disease
CNN Convolutional neural network
SOA Snake optimization algorithm
DL Deep learning
API-CNN Functional API CNN model
Seq_CNN Sequential CNN model
SVM Support Vector Machine
ExtraTreesClassifie Extremely Randomized Trees Classifier
XGBoost Extreme Gradient Boosting
LOF Local outlier factor
PSO Particle swarm optimization
GA Genetic algorithms
AC Adaptive classification
SMOTE Synthetic Minority Over-sampling Technique
CBR Case-based reasoning
AUC Area Under the Curve
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