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Chronic kidney disease (CKD) is a dangerous ailment that can last a person’s entire life and is caused by either kidney
malignancy or decreased kidney functioning. It is feasible to halt or slow the progression of this chronic disease to an
end-stage wherein dialysis or surgical intervention is the only method to preserve a patient’s life. Earlier detection and
appropriate therapy can increase the likelihood of this happening. Throughout this research, the potential of several
different machine learning approaches for providing an early diagnosis of CKD has been investigated. There has
been a significant amount of research conducted on this topic. Nevertheless, we are bolstering our approach bymaking
use of predictive modeling. Therefore, in our approach, we investigate the link that exists between data factors as well
as the characteristics of the target class. We are capable of constructing a collection of predictionmodels with the help
of machine learning and predictive analytics, thanks to the better measures of attributes that can be introduced using
predictive modeling. This study starts with 25 variables in addition to the class property, but by the end, it has
narrowed the list down to 30% of those parameters as the best subset to identify CKD. Twelve different machine
learning-based classifiers have been tested in a supervised learning environment. Within the confines of a supervised
learning environment, a total of 12 different machine learning-based classifiers have indeed been examined, with the
greatest performance indicators being an accuracy of 0.983, a precision of 0.98, a recall of 0.98, and an F1-score of 0.98
for the XgBoost classifier. The way the research was done leads to the conclusion that recent improvements inmachine
learning, alongwith the help of predictivemodeling,make for an interestingway tofind new solutions that can then be
used to test the accuracy of prediction in the field of kidney disease and beyond.
Introduction

Chronic kidney disease, or CKD, is a condition in which the kidneys are
so damaged that they can’t filter blood as well as they should. The kidneys’
main job is to get rid of waste and extra water from the blood.8 This is how
urine is made. CKD means that waste has built up in the body. This condi-
tion is called chronic because the damage happens slowly over a long pe-
riod of time. It is a disease that affects people all over the world.7 Because
of CKD, you might experience various difficulties with your health. Diabe-
tes, high blood pressure, and heart disease are only 3 of the many condi-
tions that can lead to CKD. In addition to these serious health problems,
age and gender also play a role in who gets a CKD.26 If one or both of
your kidneys aren’t working right, you may have a number of symptoms,
such as back pain, stomach pain, diarrhea, fever, nosebleeds, rash, and
vomiting. The 2most common illnesses thatmight cause long-term damage
to the kidneys are diabetes and high blood pressure.28 Therefore, the pre-
vention of CKD can be thought of as the control of these 2 diseases. Because
chronic kidney disease (CKD) does not often present any symptoms until it
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has progressed to a more advanced state, many people who have it do not
realize they have it until it is too late.
Stages of CKD

Early stages of CKD
CKD in its early stages typically does not present any symptoms. This is

due to the fact that the human body can typically adjust to a large decrease
in the function of the kidneys. It is common for kidney disease to not be di-
agnosed until this stage unless a routine test for another issue, such as a test
of the blood or urine, discovers a potential problem. If it is discovered at an
early stage, treatment with medication and ongoing monitoring with rou-
tine tests may help prevent it from progressing to a more advanced state.
CKD in its advanced stages
If kidney disease isn’t caught early or keeps getting worse even after

treatment, there may be a number of signs.
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Kidney failure is the last stage of CKD. It is also called end-stage renal
disease or established renal failure. It is possible that dialysis or a kidney
transplant will be needed at some point.

When to see a physician

If you have signs or symptoms of renal illness, make an appointment
with your doctor. Renal disease could be prevented fromprogressing to kid-
ney failure if detected early. During office visits, your doctor may use urine
and blood tests to check your blood pressure and kidney function if you
have a health condition that makes you more likely to get renal disease.
Ask your physician if these tests are required for you.

Tests for CKD

Chronic kidney disease is when a disease or condition makes it hard for
the kidneys to work, causing the damage to the kidneys to get worse over
time. This can occur when the kidneys are affected by another disease or
condition.

Studies6,8 show that the number of people with CKD who are admitted
to hospitals is going up by 6.23 percent every year, even though the global
death rate has stayed the same.8 There are just a few diagnostic tests avail-
able to check the status of CKD, including: (i) estimated glomerular filtra-
tion rate (eGFR) (ii) a urine test; (iii) a blood pressure reading; (iv) tests
for CKD.

eGFR
The eGFR value provides information on howwell your kidneys cleanse

the blood. If your eGFR number is higher than 90, it means that your kid-
neys are working well. If the value of your eGFR is less than 60, this indi-
cates that you have CKD.8

Urine test
In order to evaluate kidney function, the physician also requests a urine

sample. Urine is produced by the kidneys. If your urine contains blood and
protein,24 it is an indication that one or both of your kidneys are not func-
tioning normally.

Blood pressure
The doctor takes your blood pressure because the range of your blood

pressure reveals how well your heart is pumping blood. If the patient’s
eGFR value falls below 15, this means they have reached the end stage of
kidney disease. There are just 2two treatments that are now available for
renal failure: (i) dialysis and (ii) kidney transplantation. The patient’s life
expectancy after dialysis is contingent on a number of characteristics, in-
cluding age, gender, the frequency and length of dialysis treatments, the pa-
tient’s level of physical mobility, and their mental state.10 Kidney
transplantation is the only option left for the doctor to consider if dialysis
cannot be performed successfully. Nevertheless, the price is exorbitantly
high.15

Other tests
When determining the extent of the damage to your kidneys, it is not

uncommon for additional tests to be performed. These may include an ul-
trasound scan, amagnetic resonance imaging scan, or a computed tomogra-
phy scan. Their purpose is to look at the kidneys and see if there are any
blockages. A needle is used to take a small piece of kidney tissue, and the
cells are looked at under a microscope to look for signs of kidney disease.
This is done in order to diagnose kidney conditions.

The field of medicine is an extremely important area for the application
of intellectually sophisticated systems.21 Then, data mining could be a big
part of finding hidden information in the huge amount of patient medical
and treatment data. This is information that doctors often get from their pa-
tients to learn more about their symptoms and make more accurate treat-
ment plans.
2

Literature review

Data mining is the process of using specialized software to find hidden
information in a large set of data. Data mining techniques are linked to
each other and used in awide range of places and situations.With datamin-
ing technologies, we can make predictions, sort the data, filter it, and put it
into groups. The goal of the algorithm is to process a training set that has a
collection of attributes and targets, and the objective describes how this
should be done. If the dataset is very big, data mining is a good way to
find patterns in it. If the dataset is very small, however, we can still reach
the same goal with the help of machine learning. Data analysis and pattern
recognition are 2 further capabilities of machine learning.1,16 Because there
is such a wide diversity of health datasets, machine learning algorithms are
the most appropriate method for enhancing the accuracy of diagnosis
prediction.17,19 The prevalence of machine learning algorithms in the
healthcare industry is growing as a direct result of the rapid growth of elec-
tronic healthcare datasets.9

Using information mining techniques, a variety of types of studies have
been carried out in order to extract useful information from datasets
pertaining to chronic kidney disease.22 This was done in order to cut
down on the amount of time spent conducting the analysis, and in addition
to that, it would increase the precision of the forecast with the assistance of
the information mining categorization technique.5 Data mining is also ap-
plied in the treatment and diagnosis of a number of diseases and conditions.
Using techniques for information accumulation, different kinds of work
have been done to get useful information out of the dataset on chronic kid-
ney disease.

Polat et al.21 offered directions that combined a total of 6 classifiers and
3 outfit measures. k-nearest neighbors (kNN), naive Bayes (NB), support
nector machine (SVM), preference tables, random forest (RF), and J48
were some of the classifiers that were used. The authors of Polat et al.21

looked into a number of possible treatments for chronic renal disease by
using the k-means algorithm and Apriori. A test that uses SVM, DT, NB,
and KNN computations was developed in order to diagnose chronic kidney
disease (CKD). Ani et al.4 modified many characterizations of computa-
tions, including DT, NB, Linear discriminant analysis (LDA) classifiers, ran-
domized subspace, and kNN, as well as back propagation network (BPN).
The decision tree (DT) and NB characterization approaches were employed
in order to anticipate CKD and reduce the mortality rate that was caused by
CKD3,4: Have you come upwith away tofigure out how bad chronic kidney
disease is in its early stages? They made use of several different neural net-
work algorithms. Wickramasinghe et al.27 described a research focus en-
tirely by trying to bring relevant data from such a patient’s medical
record and then implementing a framework computation to these docu-
ments, which now provides CKD patients a rational eating regimen strat-
egy. This focus was produced by attempting to extract information from a
patient’s medical notes. A strategy for information retrieval was suggested
by Arora and Sharma.5 This method incorporates identification capabili-
ties, such as a planned release for implementation in Weka’s equipment.
In essence, Eroğlu and Palabaş12 was able to remember informational in-
dexes approaches as well as the methods by which it is possible to antici-
pate recurrent kidney infection. Therefore, there is little doubt that data
mining is a more effective tool for predicting long-term kidney diseases.
Charleonnan et al.7 investigated 4 different machine learning approaches,
namely kNN, SVM, logistic regression (LR), and DT classifiers. The dataset
of patientswith CKD is used tomake these predictivemodels. Then, the per-
formances of these models are compared to find out which classifier is the
best at predicting which patients will get CKD. Usingmachine learning, Qin
et al.22 diagnosed CKD. The UCI machine learning repository’s CKD dataset
hasmanymissing values. kNN imputationwas used tofill inmissing values,
which finds full samples with identical measurements for each incomplete
sample. Real-life medical scenarios often have missing values because pa-
tientsmissmeasurements. After completing the dataset, 6machine learning
algorithms (LR, RF, SVM, kNN, NB, and feed forward neural network
(FFNN)) were used to create models. With 99.75% accuracy, RF performed
best. By examining the established models’ misjudgments, they created a
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model that combines LR and RF utilizing perceptrons, which achieved
99.83% accuracy after 10 simulations. They hypothesized that this technol-
ogy may be used to diagnose complex diseases using clinical data.
Almasoud and Ward3 wants to test machine learning algorithms’ capacity
to forecast CKD with the fewest features. Analysis of variance (ANOVA),
Pearson’s correlation, and Cramer’s V tests were used to remove redundant
features. 10-fold cross-validation was used to train and test LR, SVM, RF,
and gradient boosting. The gradient boosting classifier has a 99.1% accu-
racy rate. Hemoglobin is more important for RF and gradient boosting in
identifying CKD. Their results are high compared to earlier studies, al-
though they’ve reached fewer characteristics. Three simple tests can indi-
cate CKD for $26.65.

However, in order to make clinical decisions regarding testing, treat-
ment, and referral, a significant amount of accurate information regarding
the risk of nephropathy progression is urgently required. As a result, the
focus of this section was on the most recent developments in the study of
CKD. Throughout this study, we tried to evaluate the possibility of a variety
of machine learning algorithms, each of which could potentially provide an
early diagnosis of CKD. There has been a substantial amount of research
carried out on this subject; nonetheless, we are strengthening our strategy
by making use of predictive modeling. As a result, in our methodology,
we study the link that exists between the data variables and the character-
istics of the target class. Because predictive modeling allows for a more ac-
curate measurement of attributes to be introduced, we are able to use
machine learning and predictive analytics to compile a set of prediction
models. This is made possible by the improved ability of predictive model-
ing to introduce new attributes or identify the most important features re-
sponsible for CKD. The research on the detection of CKD is based on 1
dataset which is available in the UCI machine learning repository. The
dataset includes 24 input features used by the maximum research men-
tioned above. No work has been found for detecting CKD based on the
least number of predictors. In addition to improving the accuracy using
this dataset, we tried to reduce the number of input features utilizing prin-
ciple component analysis (PCA) and tried to develop a machine learning-
based model showing the highest accuracy. A total of 12 distinct machine
learning-based classifiers have been investigated, and the outcomes have
been listed to compare with the previous studies.

Experimental data

CKD dataset

This approach makes use of a dataset from the UCI Machine Learning
Repository11 referred to as CKD. A total of 24 features and 1 target variable
are included in the CKD Dataset. It can be broken down into 2 categories,
yes or no.

The dataset has 25 attributes, 11 of which are numerical and 14 of
which are nominal. For the purposes of training machine learning
Fig. 1. CKD dataset used
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algorithms to make predictions, the entire dataset of 400 instances is uti-
lized. Out of a total of 400 cases, 250 are classified as having CKD, and
the remaining 150 are classified as having non-CKD. The attributes that
can be found in the dataset are depicted in Fig. 1.

CKD dataset with PCA

Principal component analysis, also known as PCA, is a method that re-
duces the number of dimensions used to describe data while preserving
as much of the original data’s information as feasible.20 When working
with datasets that contain a significant number of features, PCA is a very
helpful tool. The dataset that is available for the detection of CKD contains
24 input features, but it is necessary to know the contribution of each input
feature to produce the outcome. Table 1 describes the overall scenario of
the CKD dataset after PCA, in addition to the CKD original dataset. In the
following section, the whole process will be implemented.

Methodology

The outputs of each classifier were tested with a variety of different as-
sessment parameters, and a 10-fold cross-validation was used to check for
over-fitting in the findings. In addition, the method of nested cross-
validation has been of assistance in refining the model’s underlying param-
eters. The evaluations will be carried out by utilizing the Jupyter Notebook
web tool in conjunction with the Python 3.3 programming language. Sev-
eral Sciket-learning libraries, which is a free platform for machine learning
systems built on the Python programming language, were utilized. This
analysis takes into consideration the following assessment measures: sensi-
tivity, specificity, area under the curve (AUC), and accuracy asmeasured by
the F1-measurement. Depending on the values of its parameters, every
model generates uniquely diverse outputs.

In order to analyze the CKD dataset, a number of experiments were car-
ried out using different types of machine learning algorithms, including
SVM, KNN, LGBM, and hybrids. In this study, Fig. 2 demonstrates the over-
arching structure of the CKD diagnostic process. During the preprocessing
stage, the mean technique was used to compute the missing numerical
values, while the mode approach was used to compute the missing nominal
values. Both methods are referred to together as the mode method. The re-
cursive feature elimination (RFE) and principal component analysis (PCA)
algorithm was utilized in order to choose the features of relevance that
are connected with the characteristics of importance for CKD diagnosis.
These carefully chosen characteristics were provided to illness classifiers
so that diagnoses could be made. In this work, the diagnosis of CKD was
performed using a variety of classifiers, including SVM, KNN, LGBM, Xg,
CatBoost, Ada, hybrid, and others. The machine learning model that has
been suggested will achieve good classification performance with a limited
number of features and will achieve optimal performance measures by
using PCA.
in previous paper.



Table 1
In-depth descriptions of each feature in the main CKD dataset.

CKD dataset CKD dataset
with PCA

Attributes
meaning

Category Scale Missing

age - Age Numerical Years 9
bp - Blood pressure Numerical mm/Hg 12
sg sg Specific gravity Nominal 1.005 to

1.025
47

al al Albumin Nominal 0 to 5 46
su su Sugar Nominal 0 to 5 49
rbc - Red blood cells Nominal Abnormal,

Normal
152

pc - Pus cell Nominal Abnormal,
Normal

65

pcc - Pus cell clumps Nominal Not present,
Present

4

ba - Bacteria Nominal Not present,
Present

4

bgr bgr Blood glucose
random

Numerical mgs/dl 44

bu - Blood urea Numerical mgs/dl 19
sc sc Serum

creatinine
Numerical mgs/dl 17

sod - Sodium Numerical mEq/L 87
pot pot Potassium Numerical mEq/L 88
hemo - Hemoglobin Numerical gms 52
pcv pcv Packed cell

volume
Numerical P cv 71

wc wc White blood cell
count

Numerical cells/cumm 106

rc rc Red blood cell
count

Nominal millions/cmm 131

htn - Hypertension Nominal No, Yes 2
dm dm Diabetes

mellitus
Nominal No, Yes 2

cad - Coronary artery
disease

Nominal No, Yes 2

appet - Appetite Nominal Poor, Good 1
pe - Peda edema Nominal No, Yes 1
ane - Anemia Nominal No, Yes 1
Classification Classification Class Nominal Not CKD,

CKD
0
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Data preprocessing
It is essential that the quality of the data be high in order for datamining

methods to deliver efficient performance reasonable cost. The CKD dataset
as a whole needs to have the variables that are missing from the database
filled. When continuous characteristics are present, the approaches can be
synchronized in order to construct discrete haracteristics in certain circum-
stances. Each instance of them has values that are noisy and has some that
are missing. The original data is preprocessed to improve the behavior of
medical data. The act of modifying the raw data and making it appropriate
for use in a machine learning model is referred to as data preprocessing.
The data preprocessing steps are shown in Fig. 3. It is important to draw
Fig. 2. Proposed model utilizing several ma
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attention to the fact that the data contains a significant number of
unaccounted-for numbers. The specifics of each variable are shown in
Table 1, which may be found here. The data of the 3 mentioned datasets
should be cleaned up because they contain not-a-numbers (NaNs), and
the numerical features should be converted to floats. Simply put, we were
given the directive to get rid of all rows that had NaNs, and there was no
threshold for this action; this means that any row that contained even a sin-
gle NaN was to be removed.

The act of modifying the raw data andmaking it appropriate for use in a
machine learningmodel is referred to as "data preprocessing." The data pre-
processing steps are shown in Fig. 3. It is important to draw attention to the
fact that the data contains a significant number of unaccounted-for
numbers.

The data of the 3mentioned datasets should be cleaned up because they
contain not-a-numbers (NaNs), and numerical features should be converted
to floats. Simply put, we were told to remove all rows with NaNs, and there
as no threshold for this action; this meant that any row with even a single
NaN was to be removed.

In order tomake the processing in a computer easier, each category var-
iable, also known as a nominal variable, was given a code. When it came to
the values of rbc and pc, normal and abnormal were represented by the
numbers 1 and 0, respectively, in the coding system. Both being present
and not being present were assigned the numbers 1 and 0 for he pcc and
ba values, respectively. The answers "yes" and "no" were assigned the values
"1" and "0" for the variables htn, dm, cad, pe, and ane, respectively. For the
appetizing value, the values 1 and 0 were assigned, respectively, to the cat-
egories of good and poor. Although the initial data description describes
three variables—sg, al, and su—as being of a categorical type, the values
of these 3 variables are still based on numeric information; hence, these var-
iables were handled as though they were numeric variables. Every single
one of the category variableswas turned into a factor. An independent num-
ber ranging from1 to 400was assigned to every sample that was taken. The
dataset is lacking a significant number of values, and there are only 158 in-
stances that are complete. There are missing values in a considerable num-
ber. Before reaching a diagnosis, it’s possible that the patients will be
missing some measurements for a variety of reasons in general. As a conse-
quence of this, missing values will be included in the data if the diagnostic
categories of the samples are unknown and a technique that is analogous to
imputation is necessary. Following the encoding of the categorical vari-
ables, the missing values in the initial CKD dataset were processed and
filled up first. After the categorical variables had been encoded, this step
was carried out. When there are missing values for numerical variables,
those gaps are filled up using the median value of the relevant variable
for the samples that have all of the data. On the other hand, the missing
values for the category variables are filled in by selecting the category
from the complete samples that appears the most frequently in the variable
that corresponds to it. This is done so as to ensure that all of the samples are
represented accurately.
chine learning classification algorithms.



Fig. 3. CKD dataset used in this paper.
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When it comes to physiological measurements, it makes sense for peo-
ple whose physical conditions are comparable to have comparable physio-
logical measurements. To fill in the missing numbers, the method based on
a kNN is used since physiological measurements are expected to be compa-
rable for individuals who are under similar physical situations. For in-
stance, healthy people should have physiological measurements that are
consistent within a given range. When comparing diseased individuals,
the physiological measurements of a diseased individual should be compa-
rable to those of a person with a similar degree of the same condition. In
particular, there should not be significant discrepancies in the data col-
lected from physiological measurements between individuals whose
Fig. 4. Categorical column
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circumstances are comparable. This strategy, which has been utilized in
the field of hyperuricemia, should also be adapted to the diagnostic data
of other disorders.

The research was conducted using the CKD dataset.11 There are 400
rows and 14 columns in this dataset. The output column "class" has a
value of either "yes" or "no." The responses "yes" and "no" were assigned
the values "1" and "0," respectively. The value "1" shows that the patient is
a CKD patient, while the value "0" indicates that the patient is not a CKD pa-
tient. Fig. 4 shows the categorical columns view of the dataset without PCA.
Fig. 5 shows a categorical view of the dataset with PCA where diabetes‐
mellitus is present over 250 instances who are not CKD patients and 140
instances who are CKD patients. In the target class distribution (Fig. 6),
almost 250 rows are CKD patients and 150 are non-CKD patients.

A number of the features have categories that are not balanced. Strati-
fied folds are going to be required for the cross-validation process. Let’s
also check to see if there is any imbalance between the classes.

A sample percentage of patients with chronic renal disease: 62.5%. The
percentage of samples that do not have chronic renal disease is 37.5%. It is
clear that there is not a significant imbalance between the classes.

In the heat map (Fig. 7), the absolute values of the correlations between
the class label and features show that blood pressure, specific gravity, albu-
min, sugar, blood urea, serum creatinine, blood glucose random, and so-
dium all have positive links. whereas hemoglobin, potassium, white
blood cell count, and red blood cell count have negative links. The heatmap
of data shown in Fig. 7 can be observed to see the correlations between the
features.
s view of the dataset.



Fig. 5. Categorical columns view of the dataset with PCA.
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The positive and negative correlations are shown in Fig. 8.
The dataset that is used is then split into 2 groups: the first group is used

for testing the samples, and the second group is used for training the sam-
ples. The proportion of data obtained by testing is 30%, while the propor-
tion obtained through training is 70%.
CKD dataset with PCA

Eliminating variables that are neither helpful for prediction nor con-
nected to response variables can be accomplished by extracting feature
vectors or predictors. Because of this, the building of the model would
not be affected by variables that are not linked to the problem at hand,
which would lead to the models making accurate predictions. Fig. 9 dis-
plays the results of the procedure for extracting important variables from
the data.

The following machine learning models were developed for the goal of
making a diagnosis of chronic kidney disease (CKD). Each model was pro-
duced by applying the matching subset of features or predictors to the
whole CKD datasets. Generally, in sickness diagnosis, diagnostic samples
are distributed in a multidimensional space. This section is where the pre-
dictors that are used during the data classification process may be found
(CKD or non-CKD). The many categories that the samples of data fall
under cause them to congregate in a variety of distinct parts of the space.
As a result, there is a line that separates the 2 groups, and the distances
that exist between the samples that are contained inside the same category
Fig. 6. Target class distribution.
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are reduced. The aforementioned approaches to disease diagnosis are the
ones that we use since they are the most effective in terms of classification.

Classifiers

In a supervised learning system, classification algorithms play a vital
role in both training and testing. Classifier algorithms absorb knowledge
from the training dataset and implement it in the testing dataset to generate
the desired output.

AdaBoost
AdaBoost is an excellent machine learning approach for creating highly

accurate prediction rules by combining and boosting relatively weak and
inaccurate rules. It has a compact mathematical basis and increases the ef-
ficiency ofmulticlass classifier problems in practical applications. AdaBoost
takes an iterative approach in order to improve the performance of weak
classifiers by allowing them to study and improve from their ownmistakes.
The ability to reduce noise is improved when the AdaBoost is put into the
stopping condition.20

Decision tree
When it comes to solving categorization issues, one of themost effective

and widely used strategies for supervised machine learning is known as the
decision tree. A decision tree is a type of tree structure that is similar to a
flowchart. In a decision tree, each internal node represents a test that is per-
formed on a feature, each branch represents the outcome of the test, and
each leaf node contains a class label.24 The decision tree starts with the
root node of the tree, compares the value of various variables and then
moves to the next branch until it reaches the end leaf node. In classification
issues, the decision tree enquires, and based on the answers, it splits the
data into subsequent sub branches. It makes use of many techniques to ex-
amine the population divide and parameters that allow for the most homo-
geneous sets29.

XGBoost
XGBoost is commonly known to offer smart solutions to structured data

problems through the implementation of the gradient boosted trees tech-
nique. Each regression tree in a gradient boosting regression setup acts as
the weak learner, and it does so by assigning a continuous score to each
input data point in the form of a leaf. XGBoost reduces a formalized objec-
tive function by merging a convex loss function based on the difference be-
tween the observed and target outputs with a weighting parameter for
model computational complexity. Adding new trees that forecast the resid-
uals or errors of earlier trees, which are then integrated with earlier trees to
produce the final prediction, is how the training process is carried out
iteratively.13



Fig. 7. The heatmap of data with correlation profile.
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CatBoost
CatBoost is a decision tree gradient boosting technique that takes ex-

tremely little time to predict. It is used for a variety of functions, including
weather forecasting, self-driving automobiles, personal assistants, and rec-
ommendation tems. In the majority of settings, CatBoost by default uses
one-hot encoding for categorical features with a limited number of distinct
values. Symmetric trees, also known as balanced trees, are used in CatBoost
to describe trees where the splitting condition holds true for all nodes at the
same level of the tree. These trees use the scaling feature exclusively for de-
cision tree classification, not for catBoost.13
K-nearest neighbor (KNN)
The kNN is a simple supervised learning approach widely applied to re-

solve classification and regression issues. In kNN, the decision is made by
calculating the Euclidian distances between a query and each example in
Fig. 8. Positive and negative correlations between the features.
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the data, hoosing the value of the example (k) that is closest to the query,
and either choosing themost common label for classification or the average
of the labels for regression. However, this method is prohibited in dynamic
webmining due to its lazy learning and dependency on the good value of k.
The value of k is automatically chosen to increase the accuracy of the kNN
algorithm.The kNN is a simple supervised learning approach widely ap-
plied to resolve classification and regression issues.25 In kNN, the decision
ismade by calculating the Euclidian distances between a query and each ex-
ample in the data, choosing the value of the example (k) that is closest to the
query, and either choosing the most common label for classification or the
average of the labels for regression. However, this method is prohibited in
dynamic web mining due to its lazy learning and dependency on the good
value of k. The value of k is automatically chosen to increase the accuracy
of the kNN algorithm (Ayodele, 2010).

Random forest
Random forest is a supervised learning classifier that associates a series

of decision tree algorithms with various subsets of the provided datasets. It
is capable enough to be used for large-scale problems and simple enough to
be customized for various ad hoc learning tasks. To improve the prediction
accuracy of the given dataset, it takes the average value from each tree and
predicts the final outputs. A probabilistic machine learning technique
called NB, which is based on the Bayesian theorem, has been successfully
employed for a wide range of tasks, but it excels in solving natural language
processing (NLP) issues. it used a simplemathematical formula for calculat-
ing conditional probabilities. However, its classification efficiency gradu-
ally falls if features are not independent and when the attributes are not
independent, and it cannot handle continuous non-parametric
characteristics.20

Gradient boosting
Gradient boosting (GB) classifiers are a type of machine learning

method that brings together numerous weak learning models to develop a
powerful predictive model. GB frequently makes use of decision trees. It



Fig. 9. Important features identification from the dataset.
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is predicated on the hypothesis that when merged with earlier models, the
best next model will minimize the overall prediction error. Setting the de-
sired results for this subsequentmodel in order to reducemistakes is the im-
portant concept. The gradient of the error with regard to the prediction is
used to determine the goal outcomes for each case. Each model moves
closer to making the best predictions feasible for each training example
while minimizing prediction error.13
Stochastic gradient boosting
Stochastic gradient boosting, the training dataset is subsampled, and

then each learner is trained using random samples produced by the subsam-
pling, which provides the foundation of neural networks. By combining
findings that have low correlation, this lowers the correlation between
the outcomes from different students, giving us a better overall result.
The gradient descent is approximated probabilistic. Because the algorithm
only calculates the gradient for 1 randomly chosen observation at each
step rather than the gradient for the entire dataset, the result is an approx-
imation (Ayodele, 2010).
Light gradient boosting machine (LGBM)
LGBM is a dispersed, strong gradient boosting framework for sorting,

classification, as well as data science application development that is
based on the decision tree method and it requires less RAM to run while
handling massive data sizes. When compared to other algorithms, Light
GBM grows trees vertically, or leaf-wise, as opposed to other algorithms,
which grow trees horizontally. It will be decided to grow the leaf with the
highest delta loss. A leaf-wise method can reduce loss more than a level-
wise strategy when expanding the same leaf.13
Extra tree
The Extra Trees method functions by combining the forecasts from var-

ious decision tree algorithms. An extra-trees regression employs averaging
to increase predictive accuracy and reduce over-fitting. It does this by im-
plementing a meta predictor that fits a number of randomized decision
trees on different subsamples of the dataset. The Extra Trees approach is
faster and shortens the process overall in terms of computational cost and
execution time, but it arbitrarily selects the separation point and does not
choose the best one.13
Fig. 10. Confusion matrix.
Support vector machine
Support vector machine (SVM) is a promising classical learning method

for classification and regression problems and also solves various linear,
non-linear, and practical difficulties. The statistical learning theory is the
foundation of SVM and it projects targeted data using a kernel function to
categorize in a high-dimensional feature space so that data points can be
classified even though they are linearly non-separable (Ayodele, 2010).
8

Artificial neural network (ANN)
An artificial neural network (ANN) is a computational system that con-

sists of a huge number of simple processors (neurons) that receive inputs
and produce outputs by weight adjustment according to the defined activa-
tion functions. A feed-forward back-propagation learning technique is em-
ployed to train artificial neural networks by updating the weight
coefficients efficiently in every epoch and minimizing errors. ANN systems
intend to use a few "administrative" rules that are supposed to be applied to
humans.20
Hybrid machine learning (HML)
HML usually integrates already-existing techniques or adds strategies

from other domains to improve upon each other. HML is incredibly effec-
tive in estimating data and overcoming the limitations of current machine
learning techniques. because no onemachine learning technique is suitable
for all problems, and while some techniques excel at handling noisy data,
they might not be able to handle input spaces with many layers. Others
may not be the best for handling sparse data even though they could
scale rather well on high-layered input space. These conditions are a good
reason to employ HML to improve the competing methods and to make
up for their shortcomings.13
Performance metrics

In this particular investigation, the value of CKD was made positive,
whereas the value of non-CKD was made negative. The performance of
the machine learning models was evaluated with the help of the confusion
matrix, which was utilized to display the specific results. Fig. 10 is an exam-
ple of the format for the confusion matrix.23

A true positive (TP) result for the CKD samples indicates that the disease
was accurately identified. In the case of the CKD samples, a false-negative
(FN) result implies that an inaccurate diagnosis was made. In the case of
non-KD samples, a false-positive (FP) result means that the samples were
wrongly diagnosed. The term "true negative," abbreviated as "TN," denotes
that the non-CKD samples were identified accurately. The performance of
the model was evaluated using a number of different metrics, including



M.A. Islam et al. Journal of Pathology Informatics 14 (2023) 100189
accuracy, sensitivity, specificity, precision, recall, and F1 score.23 These are
determined by applying the formulae that are shown in Eqs. 1, 2, 3, and 4.

Accuracy ¼ TPþ TN
TPþ FN þ FPþ TN

(1)

Recall ¼ Sensitivity ¼ TP
TPþ FN

(2)

Specificity ¼ TN
FPþ TN

(3)

Precision ¼ TP
TPþ FP

(4)

F1 score ¼ 2� precision� recall
precisionþ recall

(5)

Result and discussion

The results of each classifier have been reviewed with a variety of
criteria for evaluation, and the 10-fold cross-validation method has been
utilized to validate the results against overfitting.23

In addition, the layered cross-validation method has been utilized with
the goal of fine-tuning the models’ respective parameter settings. The Goo-
gle Colab web application, written in Python, is used to run the experi-
ments, which are ried out using that programming language. This project
has utilized Sciket-learn,23 which is open- source software for the machine
learning library in Python, in several different ways. Accuracy, F1-score,
precision, and recall are the evaluationmetrics that were taken into consid-
eration for this study.

The various values that are assigned to each model’s parameters result
in the production of distinct sets of outputs as shown in Table 2. The best
performance for XgBoost was achieved with an accuracy of 0.9833 for the
original CKD dataset. The accuracy has improved for the same classifier
to 0.9916 with the dataset after implementing PCA. The adaBoost, random
dorest, gradient boosting, LGBM, and Extra Tree show the same accuracy
(0.9833) as the original CKD dataset. For this dataset, the highest accuracy
Table 2
Performance of various algorithms for CKD original dataset.

Classifiers Testing accuracy Training accuracy

Ada boost 0.975 1.0

Decision tree 0.96 0.97

XgBoost 0.983 1.0

CatBoost 0.966 1.0

KNN 0.65 0.796

Random forest 0.975 0.996

Naïve Bayes 0.94 0.94

Gradient boosting 0.975 1.0

Stochastic gradient boosting 0.975 1.0

LGBM 0.983 1.0

Extra tree 0.975 1.0

SVM 0.93 0.97

ANN 0.60 0.64

Hybrid 0.9833 0.975
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is 0.9833, which is further improved to 0.9916with the dataset after imple-
menting PCA for the XgBoost classifier (Table 3). The performance of KNN
and MLP is quite poor. The ANN classifiers show 60% accuracy for both
datasets due to the lack of abundant data. The table compiles the results
of the experiments conducted on each model, including their testing and
training accuracy, F1-measure, precision, recall, and confusion matrix.

According to the evaluation results, all of themodels have excellent per-
formance in terms of detecting CKD with accuracy of greater than 97% by
utilizing hemoglobin, specific gravity, and albumin, sugar, blood glucose
random, serum creatinine, potassium, packed cell volume, white and red
blood cell count, and diabetes mellitus characteristics, shown in Table 1.
By concentrating on precision and recall, one can see that AdaBoost,
XgBoost, LGBM, and Extra Tree have greater than 98%, with the exception
of kNN and ANN, which indicates that most of the models were correct
identifying the participants who did not have the disease or were healthy.
Through the utilization of thismodel, an accurate prediction of chronic kid-
ney disease can be made. It is an innovation that has the potential to assist
the medical community in furthering their understanding of biomedical
science.

However, certain restrictions placed on the dataset that was used are es-
sential to this investigation. First, it is anticipated that the sample size,
which is just 400 instances, will be low, which may have an effect on the
dependability of the investigations. Second, the problem identification
dataset is an additional dataset that contains the same attributes as the
datasets to be evaluated for their performance.

Table 4 and Fig. 11 shows the comparison between previous studies and
the proposed study. Chittora et al.9 used kNN, SVM, and ANN classifiers to
predict the CKD with highest accuracy of 96.5% for SVM. Almasoud and
Ward3 found 98.5% accuracy with RF classifier. Islam et al.18 obtained
slightly greater accuracy with RF classifier. SVM outperformed than other
classifiers conducted by Gudeti et al.14 Aljaaf et al.2 got as usual accuracy
shown in Fig. 11. In a nutshell, the previous studies were conducted
based on kNN, RF, NB, GB, SVM, and ANN algorithms to predict the CKD
based on the CKD dataset that is publicly available. We found highest accu-
racy with GB algorithm which was 0.990, where we found an accuracy of
0.983with XgBoost andhybrid algorithms for CKDdataset. But the XgBoost
algorithm shows the highest accuracy, which is 0.992. Our proposedmodel
shows the highest accuracy till now.
Confusion matrix Precision Recall F1-score

72 0
3 45

0.98 0.97 0.97

71 1
4 44

0.96 0.96 0.96

72 0
2 46

0.98 0.98 0.98

71 1
3 45

0.97 0.97 0.97

47 25
17 31

0.66 0.65 0.65

72 0
3 45

0.98 0.97 0.97

66 6
1 47

0.95 0.94 0.94

72 0
3 45

0.98 0.97 0.97

72 0
3 45

0.98 0.97 0.97

72 0
2 46

0.98 0.98 0.98

72 0
3 45

0.98 0.97 0.97

65 7
1 47

0.94 0.93 0.93

72 0
48 0

0.36 0.60 0.45

71 1
1 47

0.98 0.98 0.98



Table 3
Performance of various algorithms for CKD dataset with PCA.

Classifiers Testing accuracy Training accuracy Confusion matrix Precision Recall F1-score

Ada boost 0.983 1.0 72 0
2 46

0.98 0.98 0.98

Decision tree 0.975 0.98 72 0
3 45

0.98 0.97 0.97

XgBoost 0.9916 1.0 72 0
1 47

0.99 0.99 0.99

CatBoost 0.975 0.985 72 0
3 45

0.98 0.97 0.97

KNN 0.59 0.76 50 22
27 21

0.58 0.59 0.59

Random forest 0.975 0.99 72 0
3 45

0.98 0.97 0.97

Naïve Bayes 0.8833 0.9 62 10
4 44

0.89 0.88 0.88

Gradient boosting 0.975 1.0 72 0
3 45

0.98 0.97 0.97

Stochastic gradient boosting 0.975 1.0 72 0
3 45

0.98 0.97 0.97

LGBM 0.983 1.0 72 0
2 46

0.98 0.98 0.98

Extra tree 0.9833 1.0 72 0
2 46

0.98 0.98 0.98

SVM 0.9666 0.946 70 2
2 46

0.97 0.97 0.97

ANN 0.6 0.6357 72 0
48 0

0.36 0.60 0.45

Hybrid 0.958 0.978 71 1
4 44

0.96 0.96 0.96

Table 4
Comparison between previous studies and the proposed study.

Classifiers Previous studies This study

PANKAJ CHITTORA Marwa Almasoud Md. Ashiqul Islam Bhavya Gudeti Ahmed J. Aljaaf CKD dataset CKD dataset with PCA

Ada boost 0.975 0.983
Decision tree 0.960 0.975
XgBoost 0.983 0.992
CatBoost 0.966 0.975
KNN 0.788 0.650 0.590
Random forest 0.910 0.985 0.989 0.975 0.975
Naïve Bayes 0.940 0.940 0.883
Gradient boosting 0.990 0.975 0.975
Stochastic gradient boosting 0.975 0.975
LGBM 0.983 0.983
Extra tree 0.975 0.983
SVM 0.965 0.970 0.993 0.950 0.930 0.967
ANN 0.960 0.981 0.600 0.600
Hybrid 0.983 0.958

Fig. 11. Performance of the proposed model.
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CKD will be especially useful in this setting for forecasting outcomes by
identifying or listing persons who are at risk. When treating patients, it will
be very helpful to list those at risk and assign them scores to forecast the
outcomes of their treatment. However, a sizeable portion of the population
at high risk of chronic kidney disease (CKD) can still be recognized or iden-
tified within the community by using CKD risk factor predicting without
having to be admitted to a hospital for treatment. This is possible through
the use of CKD risk factor predicting. This method has the advantage of re-
quiring much less time for the prediction process, which enables medical
professionals to begin treatment for patients with CKD at the earliest possi-
ble stage and to further classify a wider population of patients in a shorter
amount of time.

Furthermore, this methodology may be relevant to the clinical data of
various disorders that are being diagnosed during the course of actual med-
ical practice. On the other hand, throughout the process of constructing the
model, due to constraints of the conditions, the data samples that are avail-
able are very limited, including just 400 samples in total. Having said that,
this investigation does have some restrictions that come from the dataset
that was employed. To begin, the size of the dataset, which is just 400 oc-
currences, is deemed to be rather low, which may have an effect on the de-
pendability of the results. Second, it is difficult to locate another dataset
that has the same features as this one in order to make a meaningful com-
parison between the 2 sets of data.

In the future, a significant amount of data that is both more sophisti-
cated and representative will be gathered for the purpose of training the
model in order to increase its generalization performance while also en-
abling it to determine the severity of the condition. We have faith that as
the quantity and quality of the data continues to improve, this model will
evolve into a more refined and accurate representation of reality.

Conclusion

This study presented a number of different machine learning algorithms
with the intention of making a CKD diagnosis at an earlier stage. The
models that are constructed using CKD patients are then trained and vali-
dated using the input parameters that were discussed earlier. Studies
have been done on the associations between different factors so that the
number of features can be cut down and redundant information eliminated.
When applying a filter feature selection approach to the remaining attri-
butes, it was discovered that hemoglobin, albumin, and specific gravity
had the biggest impact when it comes to predicting CKD. This was the
case after the method was used. This work presented a number of different
machine learning algorithms with the intention of making a CKD diagnosis
at an earlier stage. The original CKD dataset has been preprocessed first to
validate the machine learning-based detection models. After that, the PCA
has been performed to identify the most dominant features, thereby detect-
ing CKD. The models that are constructed using CKD patients are then
trained and validated using the input parameters that were discussed ear-
lier. The accuracy of such algorithmswas the primary criterion thatwas uti-
lized in evaluating their overall performance.
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