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*Corresponding Author | Abstract: Chronic kidney disease is a widespread health problem because it has a high death
and illness rate and can lead to other health problems.  People who have chronic kidney disease
often don't pay attention to their illness because it doesn't show any clear signs at first. ~ When
people with chronic kidney disease are diagnosed early, they can start treatment right away, which
slows the illness's progression.  Models based on ML might help doctors reach this goal more quickly
and correctly, as they use quick and accurate markers. We have a ML model that uses six distinct
strategies at the same time to identify persons with chronic renal disease. These include RF, logistic
regression, naive bayes, KNN, SVM, and feed forward neural network. =~ There were many missing
values in UCI's ML-oriented library, which included this type of chronic kidney disease data. To fill
in the missing numbers, we utilized KNN imputation. One way to do this is to pick a few complete
specimens whose findings are the most like the missing information in each incomplete specimen.
To figure out how to identify chronic kidney diseases, we need to be able to use six different
machine learning methods at the same time to deal with the missing data set. The ratios for training
and testing would then be 80/20. Finally, we use standard performance curves to get an idea of
how well the six ML methods work and then check our results.
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INTRODUCTION

One out of ten people in the world has CKD which is a
severe health problem to the population [1, 2]. The
chronic renal disease was widespread between 10 and
15 percent in America [4] as opposed to a total of more
than 10 percent in China [3]. Other estimates show that
the prevalence has been on the rise to over 14 percent
among Mexicans [5]. The distinguishing feature of this
illness is a progressive deterioration of renal
functionality that comes to a final result in total renal
failure. The chronic kidney disease does not have any
external signs in its initial phases. Thus, the sickness
may remain undiagnosed up until the kidney itself
becomes impaired by about a quarter of regular capacity
[6]. Also, chronic kidney disease is very high with
morbidity and mortality, which influences the health of
individuals worldwide [7]. It can predispose the risk of
heart issues [8, 9]. Chronic kidney disease is in most
instances, an incurable and persistent medical condition
[10]. It is thus paramount to diagnose and detect CKD
at early stages so that the patients can be treated in
order to restrain the spread of the illness.

To derive the features of the concerned trend, machine
learning is a computer method that approximates and
identifies task-specific data [11]. This technique can be
a feasible way of detecting chronic kidney disease as it
is able to detect diseases effectively and cheaply.
Information technology has evolved to become a new
form of therapeutic resource [12] and the quick growth
of digital medical records [13] has provided it with a
diverse usage range.

ML has also been applied in medicine in the past to
detect various diseases, asses disease-related variables
and also the physical status of individuals [14, 15].

Various forms of structures that were created by ML-
oriented algorithms have been applied to the detection
of hyperglycemia and retinopathy [16,17], heart disease
[18,19], cancer [20], severe kidney damage [21,22], and
other diseases [23,24]. These types of structures involve
the use of effective methods such as tree, regression,
possibility, neural network and decision surface.
Moreover, it is evident that the majority of these ML-
based methods to recognize severe renal diseases have a
restricted breadth of payments or lack precision due to
the technique adopted by the task of inputting missing
information.

Motivation

ML algorithms can be used to analyze large sets of
patient data to identify minimal tendencies that can be
used in early risk prediction and action. This has the
capacity of reducing the burden on healthcare
departments, reduce the cost of healthcare and
significantly improve patient outcomes. Moreover, ML
will have an opportunity to design individual treatment
programs, which will enhance therapy choices of a
particular patient with chronic renal disease and,
eventually, the quality of their lives.

Problem Statement

As it is stated in the 2019 World Renal Day
documentation, approximately 2.4 million individuals
die each year because of kidney diseases [25]. Chronic
kidney disease is now the sixth fastest growing cause of
deaths across the world. Chronic renal disease has
emerged as a challenging health issue in the world
because of the rising prevalence [25].
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One of the created methods used to predict and find
different diseases, like breast cancer, heart disease,
kidney problems, and a stroke [2628], is ML. Not only
is this used in healthcare, but it's also used in other
fields as energy-based business [2934]. Due to the
recent breakthroughs in big data of digital health
records, ML, the computational method of discovering
correlations in large datasets with a number of
complicated features, is making headway in the
healthcare sector much faster [35]. Appropriate
applications of machine learning forecasting algorithms
can help identify various diseases and give patients
high-quality and affordable medical assistance in time.
Therefore, it can become an effective tool of chronic
renal disease diagnosis [36].

The renal impairment and its subsequent effects are
extremely challenging to manage in developing
countries because of the unavailability of resources and
specialists and because of the high cost of treatment
[37, 38]. Early screening of chronic renal disease is
therefore  necessary to reduce the financial
consequences and enhance the effectiveness of disease
treatment [39]. Machine learning-based predictions can
be used to find chronic kidney disease early on so that it
can be treated more successfully and faster [40]. A lot
of research has been done using well-known People
with chronic renal disease can be identified using ML
algorithms such as RF, SVM, and DT [25]. Even
though the most well-known and current ML techniques
were applied in these efforts, they were narrowed in
their possibilities to evaluate single processes or minor
groups of methods of how to diagnose and treat chronic
renal disease. Moreover, computational optimization
has been the focus of many studies in comparison to
clinical application, and many have questioned the
effectiveness of diagnosing and treating chronic renal
disease overall. Consequently, there is a need to
develop a more comprehensive and comparative science
that can address any significant gaps in the research
through the systematic evaluation and maneuvering of
the myriad physiological indicators associated with
chronic kidney disease.

Objectives

Training a ML model on patient data to predict chronic
kidney disease. Medical records that contain
demographical information, test results, and patient
history can be wused to classify individuals as
negative/positive of chronic renal disease. This project
aims to make an accurate and useful prediction model
that will help doctors find and treat chronic kidney
disease early on, which will improve the health of
patients.

Our goal is to find the significant aspects of the raw
data, do the required preparation, and predict the serious
kidney problems with the help of machine learning
methods. This work will become the means of
providing early and effective care of the risk factors that

were discovered during any proper and safe
identification of severe renal diseases. By
simultaneously employing six separate methods,
including RF, logistic regression, naive bayes, KNN,
SVM, and feed forward NN, we develop a ML-based
solution by virtue of the firm need to develop a more
comprehensive and comparative methodological
strategy. The methodology can seal a considerable gap
in the literature because it will be possible to evaluate
and navigate the complex physiological indicators of
chronic kidney disease methodically.

Literature Review

Murugesan et al. [41] employed fuzzy and adaptive
neural fuzzy inference algorithms to find out if someone
has kidney disease or chronic kidney disease. The
primary aim was to improve the precision of medical
diagnostics for disease identification. Setting up a
neural fuzzy inference system that is fuzzy and
adaptable requires a number of factors to be taken into
account and they include the amount of glucose, blood
pressure and height, weight, smoking, level of maturity,
and workability of the nephron.

The study by Senan et al. [42] is novel in that it comes
up with a diagnostic technique of diagnosing chronic
renal diseases. The research will help practitioners
investigate the possibilities of preventing or at
minimum early diagnosing chronic kidney disease using
ML methods. The major purpose of the research was to
test a sample of 24 attributes that were gathered
amongst 400 patients.

The study conducted by Dey et al. [43] was unique as it
developed a diagnosis system that uses a hybrid feature
selection method and several ML techniques to find
people with chronic renal disease. The project used 400
medical records from people with CKD that were
available in the ML repository.

Stages  prediction through both  binary and
multiclassification has been carried out in the research
conducted by Debal and Sitote [25]. RF, DT, and SVM
are some of the forecast models that are used. Analysis
of variance and cross-validation iterative feature
removal were used to choose the features. Tenfold
cross-validation was used to check how well the models
worked.

The research undertaken by Farjana et al. [36]
suggested nine machine learning models, viz. KNN,
logistic regression, SVM, Naive Bayes, more tree
classifiers, AdaBoost, Xgboost, and LightGBM.
Through the construction of the prediction models
based on a dataset on the disease with 400 records and
14 features, the most optimal of the classifiers that
predict chronic kidney disease was determined.

Hassan et al. study [44] was distinguished by the fact
that it was able to extract the best features of the data, to
offer the best classification techniques to determine
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people with chronic renal disease. Individuals with
chronic renal disease were used to predict the condition
using a number of well-known ML techniques using
clinical records. K-means clustering was used after
missing numbers were taken into account. After that,
the XGBoost feature selection was used to pick out the
features.  After the dataset's features were found,
various ML techniques were used to find the best
classification models. These included a RF, a random
tree, a neural network, a scoring tree model, and a
support vector machine.

A study by Bai et al. [45] looked at how well the ML
could predict the likelihood of EKSD in people who
already had CKD. The results were based on
longitudinal cohort of chronical renal disease. The
predictor items were the baseline characteristics of the
patients and the outcome of the routine blood testing.
Interest established the presence or absence of ESKD at
five years. Multiple imputation was used to impute the
missing data. This was done by training and evaluating
five machine learning algorithms on fivefold cross-
validation. The Kidney Failure Risk Equation or KFRE
was used in the comparison of the performance of each
model.

Alturki et al. [46] talked about using cutting-edge ML
on a dataset about chronic renal disease from the
University of California, UC Irvine ML page. TrioNet,
a combination model, was shown by the experts. that
takes three ML methods to produce unbelievable
predictions of chronic kidney disease. Also, SMOTE
addressed the issue of class-imbalance and K-Nearest
Neighbour imputer addressed the issue of missing data.
The usefulness of the suggested model was assessed
during an extensive comparison with the alternative
machine learning techniques. The TrioNet presented, a
combination of K-Nearest Neighbor imputer and
SMOTE demonstrated a higher performance than
previous models being identified as having the highest
accuracy rate of 98.97 in the identification of chronic
kidney disease.

Pal [47] made and tried a prediction model that could
tell people who had chronic kidney disease what would
happen. In medicine, ML techniques are used a lot to
classify diseases and predict what will happen with
them. Three ML models were used to look at a 25-
feature dataset about chronic kidney disease that was
stored in the UCI ML Repository. Then, the bagging
ensemble method was used to make the model's output
better. The groups of data about chronic renal disease
were used to train the ML models. In addition, the
Kidney Disease Collection had features and groups that
did not follow a straight line.

Ebiaredoh-Mienye et al. [48] devised an effective
method for diagnosing CKD by integrating an
information-gain-dependent feature selection technique
with a cost-sensitive AdaBoost classifier methodology.

It was compared to well-known classifiers and a new
model that was suggested as a way to identify chronic
kidney disease. The smaller set of features was then
used to make the suggested cost-sensitive AdaBoost,
which was better at classifying than the other
classifiers. The test results also show that The feature
selection had a positive impact on the performance of
the various classifiers.

We can draw conclusions about the analysis of the
research works of the previous researchers that many
efforts are already being performed to use ML to guess
how chronic kidney disease will progress. The amount
of datasets, their quality, and the time at which they are
collected are also important factors in improving the
performance of the models. Also, most of the studies
that have been done so far have been about evaluating
person strategies or small groups of strategies to
diagnose and treat chronic renal disease. Accordingly,
chronic renal disease is to be identified and treated
properly with a more comprehensive and comparative
scientific approach.

MATERIAL AND METHODS
Proposed Methodology

In our study where we are dealing with the
classification methodology (presented in the fig. 1 and
fig. 2) of severe kidney ailment, we concurrently
employ six common Machine learning methods. These
ML techniques are The following algorithms are
utilized: RF, logistic regression, Naive Bayes, KNN,
SVM, and feed forward neural network. These ML-
based methods were made and are now being used to
sort patients into groups based on their serious kidney
conditions, especially to see if they have chronic kidney
disease. The ML processes involved in the current
research have been selected based on the popularity in
predicting severe renal illness and the classification
results that have been achieved in the already conducted
studies [25, 49, 50]. Moreover, our methodological
solution, which concurrently uses six various machine
learning methods, is more holistic and comparative in
nature and has the capability to conduct the systematic
evaluation and navigation of the multifaceted
physiological indicators of chronic kidney disease. This
proves particularly helpful in determining whether the
patient is affected by the chronic kidney disease or not
as we pay special attention to the aspect of the clinical
applicability as opposed to the algorithmic optimization
(which  had been chiefly prioritized by the
corresponding literatures).

Dataset Briefing

A dataset of people with CKD was used in the study. It
was found in a ML library. of UCI [51] that was
obtained in a healthcare facility and donated in 2015.
The dataset in consideration contained four hundred
specimens. In each specimen of the discussed dataset,
there are twenty-four predictive factors or traits (13 of
which are category-specific parameters and 11 are
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numeric-typed parameters), along with a categoric-
specific reaction parameter (category). Each of the
categories has 2 types of values: one type of data is the
patient having There is data on patients who do not
have chronic kidney disease (150 out of 400 specimens)
and data on patients who do have chronic kidney
disease (250 out of 400 specimens).

Fig. 1. Flow  representation of our improved
methodology for diagnosis of CKD using ML
techniques.

Fig. 2. Architectural representation of our improved
methodology for diagnosis of CKD using ML
techniques.

Data Preparation for model application

Between the category parameters, the missing values of
the obtained source chronic renal disease dataset were
appropriately managed and initially filled-in. KNN
imputation that identified This study looked at the K
full instances with the smallest Euclidean distance
between them and the instances with missing values.
The most prevalent class of the associated parameter
has been utilized in K complete cases, to fill the values
missing in the categorized parameters. Conversely, the
values missing in numeric-typed parameters have been
filled in by the median value of the respective
parameter in K complete cases. The K-Nearest
Neighbour technique was used to fill the gaps in the
acquired source chronic renal disease dataset as
individuals with similar medical histories are expected
to share similar physiological data. As an example,
there are certain physiological data that have to be
constant in a given range in healthy persons. On the
same note, these sort of interventions to the ailing are
supposed to be comparable to those of individuals with
ailments of the same nature. Specifically, variations in

data of physiological observations cannot be significant
when comparing individuals in a similar environment.

Applied ML techniques for prediction of Kidney
Ailments

The following is a list of the six ML techniques that we
used in our better way of diagnosing chronic kidney
disease.

Random Forest

RF is another ML technique which is an extension of
bagging. As opposed to exhaustively using its features
to produce trees, it introduces an extra step of randomly
selecting traits. Preferably, the random forest should be
used when many randomized observations are to be
dealt with. Suppose that the collection to be trained has
M attributes and N occurrences. First, training set is
selected to a randomly chosen sample with appropriate
replacement. M attributes are randomly selected and the
node is partitioned divided recursively by the attribute
with the best partition. This approach will make sure the
data is right and make it easy to fill in any gaps in the
numbers. When used with ML, it can be used to solve
problems with regression and classification. In the RF
idea, different classification methods are put together to
solve a difficult problem and make the models work
better. This is called collaborative learning.

Logistic Regression

One of the most popular ML techniques is logistic
regression, which is part of the field of ML. It has been
applied in projecting the category-dependent parameter
of a specified set of unique factors. It will be able to
forecast the result of a parameter that is based on a
category. The resultant decision must, consequently, be
unique or category-specific. Such outcomes could be
true or false, 0 or 1, Yes or No etc. However, it does not
provide the specific numbers such as zero and one but
rather provides the probability values in terms of zero
and one. The optimum factors to classify can be found
in this way as well as the optimum classification of
measures depending on the types of information.

Naive Bayes

NB is a simple algorithm which makes use of certain
probabilistic conditions. The algorithm applied in this
kind of approach is the probabilistic tabulation which is
updated by the training data. To make a prediction of a
new measurement, it is required to research the
possibilities of categories, and the tabulation that is
based on probabilities is constructed on specific figures.
In practice, there is no likelihood that any input
characteristic is not dependent on other considerations.
The reasons as to why it was selected in the
classification endeavors are as follows: it is simple to
apply, demonstrates high results, needs minimal
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training data, scales linearly with the number of
information pointers and predictors, solves multiple-
class as well as binary classification tasks and makes
probable forecasts, and is resistant to irrelevant
characteristics.

K-Nearest Neighbour

KNN uses a repository containing information points
that are organized into categories and performs
classification efforts. The strategy is meant to
categorize every single bit of information which gets
into it as a problem of classification. It doesn't make
any assumptions about how the underlying data is
spread out, which is why it's called non-parametric. The
principal reasons why its choice was made in the
classification efforts are the following: it is a simple and
low-cost implementation strategy; its structure is
inexpensive to construct; it is a highly flexible
categorization method ideal in complex categories and
it can record a variety of labels on a wider category
group.

Support Vector Machine

Machine help Tasks such as classification and
regression may be done with the help of the ML. This
technique requires that a hyperplane form the basis
required to define the boundary of the decision. When
there is a need to divide any group of objects of
different categories, a decision plane is utilized.
Complex mathematical equations known as kernels are
needed to segregate objects of various categories should
the items not be linearly segregated. It tries to classify
items using sampling of training dataset. The key
reasons why it was chosen in the classification efforts
are that it can deal with both semi-arrange and
organized data and it can deal with complex functions
provided that the kernel can purchase an appropriate
function.

Feed Forward Neural Network

FFNN are created using computerized neural networks
with nodes that do not create looping. This kind of
network is also referred to as a multiple-level network
because it only passes information in one direction
only. The nodes which provide input receive data when
data flows through them and then leave through layers
of concealment. There are no connections with
networks that may be used to send data back to the
outcome node. These networks are able to modify their
weights during is training depending on a protocol
known as the delta protocol which allows the networks
to compare their real results with the ones they
expected. These networks are made up of artificial
neurons that are ultimately created out of real neurons.
It is composed of two major components which
calculate mathematical operations.

Implementation Overview

As a part of the implementation phase of our improved
strategy to detect chronic renal disease with the use of
ML techniques, we have come up with modules of two
different entities, the user and the system. We have
made four modules in the serving system and nine in
the serving user.

Our Novelty

Overall, the novelty of this work lies in simultaneous
use of six different machine learning techniques thus
allowing the usage of a non-isolated, methodological
approach; the greatest focus on clinical applicability,
which ensures less complex medical recognitions; and
the development of an all-encompassing cum
comparative machine learning-based solution, which
uncovers the most favorable methodology and,
consequently, previously unknown patterns in kidney
health data.

Advantages

The possible advantages of implementing our improved
methodology in the diagnosis of CKD based on ML are
as follows:

Early Detection: ML systems can look at a lot of patient
data, like test results, medical histories, and imaging
data, to find patterns and things that put people at risk
for getting chronic kidney disease. This can be used to
find the sickness early on. age and thus the medical
practitioners can intervene and initiate treatment when
the disease is easier to manage.

Personalized Treatment Plans: People who have chronic
renal disease can get personalized care plans with the
help of ML. ML could improve the health of patients.
by suggesting personalized medicine and interventions
which have a higher likelihood to succeed in each given
person, as it evaluates patient-specific information
including genetics, lifestyle, and reaction to treatment.

Predictive Analytics: According to the previous
statistics, machine learning algorithms can estimate the
way a disease will progress and the way a patient would
perform. This predictive capacity can be used to help
medical professionals make informed choices on
treatment options and time by reducing complications
and improving the quality of care received by patients
with chronic renal disease.

Monitoring and Alerts: ML-based monitoring systems
can be used to constantly monitor the health indicators
of a patient and indicate any abnormalities. This real-
time monitoring can alert the medical professionals of
potential issues by allowing the early intervention and
reducing hospitalization rates of the complications
related to the chronic renal disease.
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Data-driven Research: ML can help to speed up the
study of chronic kidney disease through the analysis of
very large volumes of data and the identification of new
associations and patterns. Researchers can also apply
machine learning to discover new biomarkers, risk
factors, and treatment methods that will enhance our
understanding of the disease and potentially lead to new
breakthroughs in the treatment of the disease.

RESULT AND DISCUSSIONS

This part shows the findings of every model of our
improved approach to the use of ML methods to
diagnose chronic kidney disease.

Model-wise Performance Evaluation

In this scenario, each model's confusion matrix and
ROC curve are utilized to evaluate how well a few
classifiers perform. Random forest, logistic regression,
naive bayes, KNN, SVM, and feed forward neural
network are some examples.

Random Forest
Figure 3 shows the confusion matrix of the RF

classifier.

A MU

Fig.3. “Confusion Matrix for Random Forest
classifier.”

The graph showing the ROC curve for the Random
Forest classifier is signified in the below fig. 4.

Fig. 4. “ROC Curve for Random Forest classifier.”
Logistic Regression

The confusion matrix for the Logistic Regression
classifier is depicted in the below fig. 5.

Fig.5. “Confusion Matrix for Logistic Regression
classifier.”

The graph showing the ROC curve for the Logistic
Regression classifier is indicated in the below fig. 6.

Fig. 6. “ROC Curve for Logistic Regression classifier.”
Naive Bayes

Figure 7 below shows the Naive Bayes classifier's
uncertainty matrix.

Fig. 7. “Confusion Matrix for Naive Bayes classifier.”

Figure 8 depicts the ROC curve for the Naive Bayes
classifier.

Fig. 8. “ROC Curve for Naive Bayes classifier.”
K-Nearest Neighbour

Figure 9 shows the confusion matrix for the KNN
method.
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Fig.9. Confusion Matrix for K-Nearest Neighbour
classifier.

The ROC curve for the KNN classifier is shown in the
picture below (fig. 10).

KNV AOC Carve

wor e fwe

Fig. 10. ROC Curve for K-Nearest Neighbour classifier.
Support Vector Machine

Figure 11 shows the SVM classifier's uncertainty
matrix.

Fig. 11. Confusion Matrix for support vector machine
classifier.

The ROC curve for the SVM classifier can be seen in
the picture below (fig. 12).

Fig. 12. ROC Curve for SVM classifier.

Feed Forward Neural Network

Figure 13 depicts a confusion matrix for the neural
network algorithm.

wor Matiie

Fig. 13. “Confusion =~ Matrix for Neural Network
classifier.”

The ROC curve for the neural network classifier is
shown in the picture below (fig. 14).

ouraveteork AOC Curwe

Fig. 14. “ROC Curve for Neural Network classifier.”

Comparison of all Models

Here, we have tabulated the values of performance
metrics like accuracy and ROC AUC for the
simultaneously implemented six machine learning
approaches in the below table I.

TABLE I. COMPARATIVE INVESTIGATION OF
MODELS
Model Accuracy | ROC
AUC
Random 0.9917 1.0000
Forest
SVM 0.9583 0.9932
Naive 0.9500 0.9980
Bayes
Logistic 0.9333 0.9577
Regression
KNN 0.6500 0.7260
Neural 0.6167 0.4347
Network

Table | above reflects that random forest technique was
superior to the other ML methods that were being used
simultaneously.  Further, the performance metrics-
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based comparison has been indicated in figures 15 and
16 below.
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Fig. 15. Model-Wise Accuracy Comparison Chart.
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Fig. 16. Model-Wise ROC AUC Comparison Chart.

Comparison Chart of Detection Results

The below chart displayed in the below fig. 17 depicts
the comparison chart of the chronic kidney disease
detection result of the patients.

Fig. 17. Comparison Chart of detection result of chronic
kidney disease.

Conclusion

Six well-known ML algorithms were used in this study:
RF, LR, naive bayes, KNN, SVM, and feed forward
neural network. These ML methods were created to
sort people with serious kidney diseases into groups
based on whether they have chronic kidney disease or
not. The parts of our plan that dealt with material
analysis and data imputation worked out well.  The
models were accurate enough after KNN interpolation
was used to fill in the missing values in the UCI dataset
without any help from a person.  The method found
trends in kidney health data that had not been seen

before. Because of this, we think that using it to
accurately identify chronic kidney disease will have a
good effect on it.
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