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Abstract: In the recent days, the prediction models of chronic
kidney disease (CKD) becomes significant in the area of decision
making which is helpful in healthcare systems. Because of large
amount of medical data, efficient models are required to obtain
preciseresultsand data classification algorithms can be employed
to detect the presence of CKD. Recently, various machinelearning
(ML) dependent on data classifier technique is presented for
forecasting CKD. Since numerous classification algorithms for
CKD prediction exist, there is a need to investigate the prediction
performance of these algorithms. This paper propose a
comparative analysis of 4 data classifier technique such as deep
learning (DL), decision tree (DT), random forest (RF) and
random tree (RT). The process of classification technique is
analyzed with the help of reputed CKD dataset attained from UCI
repository. From thesimulation outcomes, it isevident that the DL
method achieved optimal classifier action with respect to various
namely accuracy, precision and recall.

Keywords : Chronic Kidney Disease, Data classification, Deep
Learning, Machine learning.

. INTRODUCTION

Due to rapid increase in the biomedical and healthcare
communities, a proper investigation of medica data is
advantageous and leads to several advantages like earlier
diagnosis, proper treatment and community services. A study
conducted by McKinsey reported that half of the peopleinthe
US suffer from one or more chronic disease and almost 80%
of US people spent money to take treatment on chronic
diseases. Though living standard of the people increases, the
chance of the existence of disease also increases. In recent
days, chronic kidney disease (CKD) is considered as a main
reason for the increase in the world's mortality rate. At the
same time, it is not easy to identify the CKD quickly. To
identify the existence of CKD at afaster rate, the medical data
can be used to extract knowledge from the hidden structures.
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Hence, it is needed to use computer-based systems to help
doctorsto predict diseases quickly [1].

The main issue in the diagnosis of diseasesis the faster and
precise prediction agorithm which requires less time to
produce proper results. For the effective diagnosisresults, itis
more demanding to design areliable and effective diagnosis
model to support therapidly increasing complicated diagnosis
process. So, the computerized systems based on the
classification algorithms needs the doctor's assistance to
recognize the occurrence of disease easily.

Classifier isassumed to be a pattern which has been existed
in the examination of datafor extracting in aform of methods
to explain the classes aswell asto find the future information.
Here, the classifying technique has a class label termed as
exemplars or labels. The data mining process helps to
determine a method with the application of labeled objects
and applies them to detect the classes for unlabeled object.
The main objective of a classifier is to detect the parameter
which is named as categorical. The classifier has 2 stages as
building the classifier and appliesthe classifiersin classifying
operations. In general, classification model is categorized as 2
types such as supervised and unsupervised algorithms. The
previous one has classification processwhich is carried out by
employing the labeled classes. Furthermore, the training and
testing data is modeled along with classes [2]. The aternate
technique classifies data which is processed by applying the
unlabeled classes. This method is used for including the class
label with the current information. Also, clustering,
association mining as well as dimensionality aleviations has
been considered as data mining methods that belongs to
unsupervised learning.

At present, various ML classifying technigue has been
presented in the research works [3]. In gspecific, the
combination of diverse soft computing models assist to attain
maxi mum outcome when compared with conventional models
[4]. The Neural Networks (NN) is assumed to be well-known
classifier that is obtained from domain of soft computing [5].
Also, NN is employed in several regions because of its
simplicity, minimum processing expense as well as maximum
computation. Multi-Layer Perceptron (MLP) isaform of feed
forward NN, that helps to manage the classification issues
present in a stochastic way.

Due to the availability of numerous classification
algorithms for CKD prediction, there is a requirement to
analyze the prediction performance of these algorithms. In
this paper,
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a comparison study is made among four data classification
algorithms namely DL [6], DT, RF [7] and RT. The
computation of classifying techniques has been examined
under the application of standard CKD dataset which is
obtained from UCI repository. It is clearly noted from the
final outcome is that, DL technique has attained optimal
classification methods with respect to diverse metrics like
accuracy, precision and recall.

The remaining part of the paper is arranged as pursues:
Section 2 explains the different classification algorithms
utilized in the study. A detailed performance evaluation of
these algorithms on CKD dataset is explained in Section 3.
Section 4 and 5 explains the performance evaluation and
results and discussion respectively. At last, the paper is
concluded in Section 6.

[I. LITERATURE SURVEY

Decision tree C4.5Classifier applied to 80 pregnant women
information inthefield of medical. Caesarian section had four
categories and classified into two classes namely emergency
and elective. The life of mother and baby had important
during delivery time. It can be concluded with the mandatory
factors of age, times of pregnancy, delivery time, heart
condition as well as blood pressure. The delivery time could
be divided into premature, timely and latecomer respectively.
The Blood pressure has 3 constraints like low, normal, high.
Hence, it attains a maximum of 86.25% accuracy including
caesarian dataset [8].

Both attribute reduction and classification strategy used
decision tree algorithm which applied to crimina behavior.
This technique needed to take decision for police rapidly and
precisely. The result of the hybrid algorithm had better than
individual performance of the algorithms. Combination of
decision tree and artificial neural network utilized for medical
diagnosis. It included three components which are
preprocessing and feature selection (MLP), knowledge
production (DT), prediction with learned data for predicting
human blood cell. Many medical researchers demonstrated
that high risk factor of DNA viruses are strictly related to
human cancers. The techniques of decision tree, Chi-sgquared
Automatic Interaction Detection (CHAID) designed to
congtruct a classification to forecasting breast cancer and
fibro adenoma. Inexperienced physicians used medical
classifier to prevent misdiagnosis.

DL enables processing models which is created from
various processing layers to know the functions of
information along with different levels of abstraction. These
methods have obviously developed for the recent domains
such as object detection, speech recognition, drug discovery
and visua object recognition. Here, DL identifies difficult
structure from massive datasets under the application of back
propagation technique that denotes the process of machine
exploitation from the inner accessories which is applied to
measure the representation from all layers that has been
existed in prior. From this paper a new DL technique have
been obtained which is named as greedy deep weighted
dictionary learning, which is mainly applied for diagnosis of
medicinal data. Therefore, the presented weighted method is
applied for correlating the sample and dictionary atom. Then,
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the demerit of over-fitting in patient classification of
restricted training dataset is eiminated from conventional
dictionary learning model with the help of 12-norm
regularizing limitations. Also, DL is assumed to be an
energetic techniquethat isorganized fromML. It is capabl e of
handling précised pattern analysis which is consumed from
tedious original information. Both ML aswell as DL is used
to overcome the realistic issues under the application of NN.
The variations among DL and ML could be identified as it
consists of single hidden layer as well as one or more secret
layers among input as well as output layers. Alternatively,
classification and prediction of manipulated RF method is
applied to detect the Unified Parkinson’s Disease Rating
Scale (UPDRS). Hence, the integration of parameters mined
from microelectrode recordings (MERS) respectively [9].

1. MACHINE LEARNING BASED
CLASSIFICATIONALGORITHMS

In this section, the four ML agorithms used for
classification purposes such as DL, DT, RF and RT are
discussed.

A. Deep Learning (DL)

DL isa ML method that enables the computer to teach in
such a method that it is similar to humans, i.e. learn by
examples [10]. It is the basic principle behind different
interesting applicationslike automated cars, voice recognition
in smart phones, TVs, etc. In recent days, DL become more
popular and is used in medica ingtitutions for the
identification of the diseases at the previous stages. In DL, the
automated scheme learns to do the classifier process
straightaway from images, text, or sound. It leads to the
achievement of better accuracy than the existing models and
also sometimes it may exceed human performance. These
models undergone training based on the labeled data and NN
architectures which holds multiple layers. The basic structure
of NN method isshowninFig. 1. DL attains higher prediction
performance when compared to other techniques and it assist
usersin different actual time applications.

While DL is introduced in the year of 1980, recently it
became popular due to the following reasons:

* |t needs massive amount of labeled data.

* It needs significant computing power. The
high-performance GPUs with parallel architectures will be
effective for DL. When DL is integrated to clusters or cloud
computing, it enables the developers to considerably
minimize the training time.

O—
_ Q—.
O —
—
Fig. 1. NN structure
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Since DL methods employ NN models, DL is mostly
referred as Deep Neural Networks (DNN). The word deep
signifies the entire number of secret layers from NN. The
traditional NN technique has more than one hidden layer
whereas the DN has more than 150 layers. DL istrained by a
massive amount of labeled data and NN models which learns
the features straightly from the datainstead of manual feature
extraction. This automated feature extraction behavior
becomes more advantageous for DL and improves the overall
accuracy. The overal process of the DL classification is
shownin Fig. 2.
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Fig. 2. Overall classification process of DL

B. Decision Tree (DT)

DT is sad to be non-parametric supervised learning
method which is applied for classification and regression
process. The main intention is to generate a model for
predicting the value of theintended variable using the simpler
decision rules extracted from the data features. For example,
in Fig. 3, the DT learns from the data to approximate a sine
curve with a collection of if-then-else decision rules. When
the depth of the tree increases, the complexity level of the
decision rules will increase and the model becomes more fit.

DT istill popular dueto the following characteristics: it is
easier to understand and interpret. At the same time, the trees
can be visualized and it needs only data less preparation time
whereas the other methods needs data normalization process,
creation of dummy variables and deletion of absent values.
The cost of utilizing the tree is logarithmic in the number of
data points employed to train the tree. It has the capability to
manage numerical as well as categorical data. Since other
methods are commonly specialized in the investigation of
dataset involved with one variety of variables, DT manages
multi-output problems.

The DT learning can generate over-complex treeswhich do
not simplify the data and is termed as over fitting. The
processes like pruning, placing lowest number of samples
needed at a leaf node or fixing highest depth of the tree are
needed to eliminate over fitting.
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Fig. 3. DT mode

C. Random Forest (RF)

The RF algorithm is a type of supervised classification
algorithm [11]. Asthe name implies, RF algorithm generates
the forest with more number of trees. The accuracy will be
increased with more number of trees. It is an ensemble
algorithm which indicates that these algorithms integrate
more than one algorithms of similar or diverse type of object
classifications. It generates a collection of DT from the
randomly chosen subset of training set. It combines the votes
from various DT to finalize the class of the test object. RFs
grow with multiple classification trees. For the classification
of new object from an input vector, the input vector is placed
down at every tree in the forest. Every individua tree
provides a classification and the forest selects the
classification which holds more number of votes. Every
individual tree will grow asfollows:

¢ Whilemany number of casesin training set isassumed to
be N, the sample N cases present in arbitrary, whereas along
with alternation, that is obtained from origina data. The
instance would be considered as training set in the process of
developing atree.

o |If there is a existence of M input parameters, a number
m<<M is represents in al nodes, m variables are selected in
arbitrary manner from M as well as best split from the m has
been executed to divide the node. Hence, value of m remains
static while thereis a growth in forest.

Every tree is grown to the largest extent probable with
pruning process does not take place. There is no pruning.

The error rate of RF is based on the following two things:

e The association among other 2 treesin forest and forest
error rate would be improved along with the increment of link
between nodes.

o The strength of every tree in forest where the trees with
minimum error would be known as optimal classifier. If there
is a maximum improvement in strength of single tree lowers
theforest error. Likewise, reduction in m lessens would result
in association and the robust nature.

D. Random Tree(RT)

RT is developed by Leo Breiman and Adele Cutler [12],
which deals with the classification as well as regression
problems. RT isagroup of tree predictors. The classification
processof RT operatesasfollows: RT classifier getsthe input
feature vector, performs classification with each tree in the
forest, and provides the class label that received the more
number of “votes”.
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In case of regression, the classification response might
have the maximum responses from entire trees present in the
forest. Every individua tree is trained with the similar
parameters but on diverse training set. The diverse sets are
created from the raw training set by the use of the bootstrap
process. For every training set, same number of vectorsasin
the raw set will be randomly selected (=N). The vectors are
selected with replacement. This implies that some of the
vectors will appear multiple times and some other vectors are
not present. At every node of the trained tree, the parameters
have not been applied for finding the optimal split, whereasit
isreferred to be random subset of them. Along with all nodes
anovel subset has been produced. But, the sizeis allocated to
every nodesaswell asother tress. Then, it hasbeen denoted as

training parameter set for v (number of variables) in a

common factor. RT does not work in other any training
computation. The RT has no necessity of precision measure
such as cross-validation or a individua training set to
determine the evaluation of training error.

IV. PERFORMANCE EVALUATION

A. Dataset Used

To investigate the classification performance of different
ML algorithms like DL, DT, RF and RT, a benchmark own
and original CKD dataset has been applied [13]. The
definition and attribute information of dataset is provided in
Table | and Il respectively, where CKD dataset has 400
instances, 24 attributes as well as 2 classes. From 400
instances, 250 instances have been assigned along with
existence of CKD and the rest of 150 instances have been
modeled in lack of CKD.

Table- |: Dataset | nformation

Types of information Description

Dataset Chronic Kidney Disease

Source Apollo Hospital

Number of instances 400

Number of attributes 24

Number of class 2

Class: CKD/NotCKD 250/150

Publisher University of Cadlifornia
Irvine  Machine  Learning
Repository

Task Classification.

Description of own and origina CKD dataset are revealed
inTablelll. Ageattribute isthe age of patient .Kidney disease
can affect any age of persons. Blood pressure has a standard
range to find out how pulse is high or low. It has two values
that contain systolic pressure and diastolic pressure. Here
blood pressure considered as diastolic pressure only. Specific
gravity  provides information on the kidney’s ability to
concentratein the urine. Albuminisaprotein that found in the
blood.

Damaged kidney passes albumin from blood to urine.
Sugar is called glucose that present in the urine. High level of
sugar passes from blood into urine, when the blood sugar is
high. Red Blood Cells mean blood in urine. It may cause
kidney infection or disease, urinary tract infection, kidney or
bladder stones. Pus includes dead skin cells, bacteria and
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white blood cells. Pus cell and pus cell clumps are urinary
tract infections (UTI). The tract may be kidney or urinary
bladder. Bacteria are a sign of infection in the kidney. It
moves from outside the body to the bladder.

Blood glucose random is used to check the level of glucose.
It affects the people with diabetes. Blood Urea Nitrogen
(BUN) test is referred to determine the amount of urea
nitrogen in the blood. Serum creatining, sodium and
potassium are used to measure level of creatinine, sodium and
potassiumin blood respectively. Hemoglobin generally found
inred blood cell count. Packed Cell Volumeisameasurement
of cellsin blood. Blood is a combination of cells and plasma.
As stated by American Association for clinical chemistry
(AACC) Complete Blood Count (CBC) test measure the red
blood cells, white blood cells and hemoglobin in the blood.
White and red blood cell count issued to refer the number of
white and red blood cellsin blood respectively.

Table- 11: Attributes Information of CKD Dataset

Mical Attributes .-\tm‘but.e Iype Units
Term and its value
age Age Numerical Years
bp Blood Pressure Numerical mmHg
Nominal
sg Specific Gravity (1.005,1.010,1.015,
1.020.1.025)
: Nominal
al Albumin (0.12345)
i S Nominal
5 i (0,1.2.34.5)
Nominal
tbc Red Blood Cells (normal zbnormal)
Nominal
S Pus Cell (normal,.abnormal)
pcc Pus Cell Clumps Notul
(present.notpresent)
ba Bacteria Homuzd
(present.notpresent)
Blood Glucose = .
bgr Renio Numerical mgs/dl
bu Blood Urea Numerical mgs/dl
sC Serum Creatinine | Numerical mgs/dl
sod Sodium Numerical mEq/L
pot Potassium Numerical mEq/L
hemo Hemoglobin Numerical Gms
pcv P'acked el Numerical %
Volume
i
we \C'hxte B Cell Numerical cells/cumm
ount
rc Red Blood:Coll Numerical millions’'cmm
Count
htn Hypertension Nominal(ves.no)
dm Diabetes Mellitus | Nominal(ves,no)
Coronary Artery o 2
cad Dicaiss Nominal(yes.no)
appet Appetite Nominal(good,poor)
pe pedal edema Nominal(ves.no)
ane Anemia Nominal(ves.no)

Blood pressure is interrelated with hypertension. Blood

2252

pressure that is high is called hypertension. Hypertension is
considered to be a threat factor to several disease like heart
attacks, stroke and kidney disease. Diabetes mellitus is the
high level of blood sugar. Risk factors for coronary artery
disease are high blood pressure, diabetes mellitus and kidney
disease.
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Hypertension, Diabetes mellitus, coronary artery and kidney
disease are interconnected with one another. Decreased
appetite may be known as poor appetite. Pedal edema is the
build-up of fluid in the feet and lower legs. It causes the
swollen of legs. Anemia is the lack of red blood cells or
hemoglobin.

Test parameters of CKD dataset are shown in Table IV.
Examination is known as test. Laboratory examination has
blood and urine test. Laboratory examination is used to
examine a sample of patient blood and urine. Blood glucose
random, blood urea, serum creatinine, sodium, potassium,
hemoglobin, packed cell volume, white blood cell count, red
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coronary artery disease, appetite, pedal edema, and anaemia
are nominal type of attributes [14-16].

Table- 1V: Test Parametersof CKD Dataset
Attributes

Type of Test

Blood Glucose Random, Blood Urea, Serum

Creatinine, Sodium, Potassium, Hemoglobin, Blood

Packed Cell Volume, White Blood Cell

Count, Red blood cell count.

Specific Gravity, Albumin, Sugar, Red Blood .
Urine

Cells, Pus Cell, Pus Cell Clumps, Bacteria.

Table- V: Datatypes of CKD Dataset

blood cell count are blood test. Specific gravity, albumin, Attribute Data types
sugar, red blood cells, pus cell, pus cell clumps, bacteria are Age, Blood Pressure, Blood Glucose
. Random, Blood Urea, Serum Creatinine,
urine teSt Sodium, Potassium, Hemoglobin, Packed Cell Numerical
Volume, White Blood Cell Count, Red Blood
Table- 111: Description of Own and Original CKD cell Count
aple- - Deription 0 wn an rigin Specific Gravity, Albumin, Sugar, Red Blood
Datasa Cells, Pus Cell, Pus Cell Clumps, Bacteria,
Hypertension, Diabetes Mellitus, Coronary Nominal
Name of the Attribute Description of the Attribute Artery Disease, Appetite, Pedal Edema
JAnaemiz
Age Patients age ismain criteria necEd
Blood Pressure The sign ofheartrateshould be measure
Specific Gravity Tomeasure the ratio of urine density compared Table- VI: Examination of CK D Dataset
- ith water density
‘_:_; M:r 4 : e —— Attribute Types of Examination
Albumin in dict::: damoumo Eral R —— Blood  Pressure,  Specific ~ Gravity.
S Thebi ghievel R T e Albumin. Sugar. Red Blood Cells. Pus Cell.
The high amomt ofredblood cellsin urine Pus Cell Clumps. Bacteria. Blood Glucose
RedBlood Cells rmustbe specified Random, Blood Urea. Serum Creatinine. Laboratory
Pus Cell Major and minocmfections mustbendicated Sodium. Potassium. Hemoglobin. Packed Cell
iaa Bunch of pus cells and infections to be Volume, White Blood Cell Count. red blood
p— identified cell count.
Bicteiia Identification of Kidney infectionand growth Hypertension. diabetes mellitus. coronary Clinical
level ofbacteria artery disease. appetite. pedal edema, Anemia &
Blood Glucose Random Glucose (sugar)level should be checked . . . K
S e Sk A o Examination of CKD Dataset is shown in Table VI.
blood Examination is known as test. There are two types of test. It
Se@CIeaWe To identify the amount ofc-rean.-mnemblood has |ab0ratory and clinica examination. Laboratory
§°¢mf‘ ;“ :““’t‘;‘e amm°£s°d"”f‘“"fl°;d - examination is used to check a sample of patient blood and
otassium 0 show the amourt of potasstumm bloo . . . . .
— e dceufmust S urine. It helps medical professiona to diagnose medical
Packed Cell Volume To measure the percentage of cellsin blood Condljtlon-s, e‘/al uate treatment and monltpr d|$3&3 Cl_lnlcaJ
White Blood Call Count | P18 the number of white blood cellsin examination is known as physical or medical examination. It
hlood contains the information about a person’s medical history and
Redblood cell Finding th: berofredblood cellsinblood . .
He 00 f:e count m g e NUIMDber orre 00 Cé an 00 metomsexpa‘lmcajbythepmlmt_
ypertension High level blood pressure must be indicated = hart of CKD dat is sh in Fia.4E
Diabetes Mellitus Must showthe highlevel of blood sugar ow C at o IS A own in Fg.4.cvery
R ——— Heart disease must be identified which affects researcher finds a new prObla’n for their research work. The
- tickidicy fancion : problem of work may be medical, business, engineering,
Appetite S e Industry etc. in any field. Researcher referred what are the
i i ———— AT diseaseisalready present in repository apart fromit and select
- Lowlevel ofredblood cells or haemoglobin new diseasein medical field. Researcher got permission from
s higher officials, hospital administrative and hospital

Data types of attributes are shown in Table V. A numerical
attribute is one that contains any value. (e.g age, blood
pressure) A nomina attribute is one that contains only
possible values (e.g albumin-0,1,2,3,4,5,bacteria-present, not
present).Age, Blood Pressure, Blood Glucose Random,
Blood Urea, Serum Creatinine, Sodium, Potassium,
Hemoglobin, Packed Cell VVolume, White Blood Cell Count
and red blood cell count are numerical type of attributes.
Specific Gravity, Albumin, Sugar, Red Blood Cells, Pus Cell,
Pus Cell Clumps, Bacteria, Hypertension, diabetes mellitus,
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superintendent. Researcher met doctor/experts/specialist of
that disease. Doctor taught basics knowledge, idea,
symptoms, normal and abnormal value of the disease.
Researcher referred multiple patient records which contain
thevalue of thetest report in medical record room. Researcher
make table format and enter name and value of symptoms. It
stored as row and column format in excel.

Each and every symptom has data type for dataset
preparation. Both symptoms and attribute are same in medical
and computer field.
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Data type may be numeric or nominal. Some value of
symptoms may be symbol and multiple values. So it
converted into numeric or nominal. For example sugar:
nil=0,trace=1,+=2 ,++=3, +++=4 ++++=5 and rbc:
va=1-2,2-4, 4-6,=normal, val= 6-8,8-10,10-12,plenty etc
=abnormal are numeric and nominal type of conversion.

Data in excel format converted into arff format.
ARFF is the attribute relation file format. Each statement of
title, source, creator, guided by, date, number of instances and
attributes, missing value, attribute and relevant information,
class and class distribution are included before % symbol.
Attribute, data type, measurement and values of nominal type
are inserted in attribute information. Title of the dataset is
inserted before @ symbol followed by relation keyword. For
Example: @ relation chronic_ kidney_ disease. Each name of
the attribute is added before@ symbol followed by attribute
keyword. It isenclosed within single quotation with data type.
For Example: @ attribute ‘age’ numeric. All value of the
symptoms start with @ symbol followed by data keyword and
values that separated by comma and end with class variable.
For example: 48, 80, 1.020, 1, 0,?, normal, not present, not
present, 121, 36, 1.2, ?, ?, 15.4, 44, 7800, 5.2, yes, yes, no,
good, no, no, ckd. Sometimes patients cannot have the values
of the symptoms or particular test cannot be examined. It
considered as missing values that denoted by symbol.

Now the whol e information of medical database prepared
and run in the particular viewer (ex: arff viewer) without any
error in WEKA machine learning software. Dataset submitted
into donate dataset link in UCI machine learning repository.

Find a new problem in
medical field

No

New Disease
Found?

Redefine new disease
or
Select new disease

Convert Excel format mto ARFF format

Defme Relation

Defme Attribute

Select new disease “CED"

Doctor -opinion

Cage study: Collection of ¢
Medical record

Define Data

Tdentify symptoms

L /
/ Excel F1I1Rm\' data /

Aftribute data type conversion

with values

R the database m
WEEA Software

Attribute Fmdmg

Submuit the database
in UCT Machme

Attribute Selection Learning Repository

Attribute Defimition

T

ig. 4. Flow chart of CKD dataset
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B. Metrics

Metrics are often applied to compare the attributes like
accuracy, precision as well as recall. Before providing the
definition of computation values, the method of confusion
meatrix has been tabulated in Table 7.

Table- VII: Confusion Matrix of CKD Prediction

CONFUSION MATRIX
Actual positive

Actual negative

Predicted positive True False
positive(TP) positive(FP)

Predicted negative False True
negative(FN) negative(TN)

Accuracy is defined as percentage of accurately classified
instances. It also known to be vastly applied classifying
process as well as the value must be nearer to 100 to
accomplish optimal classification function.

Overal predictive accuracy = TN (D
TP+TN+FP+FN
Precision is defined as follows:
Precision = —— (2)
TP+FFP
Mathematically, recall is defined as follows:
Recall = P 3
A T TP+ N 3

V. RESULTSAND DISCUSSION

Table 8 explains the fina outcome for classification
process for various classifying models with respect to
accuracy, precision and recall. Here, Fig. 5-7 denotes the
relative outcomes of classifiers based on accuracy, precision
and recdll. In Fig. 5, it is proved that RT classifier reaches
poor computation form alternate classification process.
Simultaneously, RF obtains slightly better accuracy than RT.
Similarly, DT handles to process quite-well to attain
maximum accuracy when compared to RF and DT. Although
DT performs well than aternate classification process, it
unable to reach optimal outcome than DL. In overall, DL
classification obtained the highest accuracy of 100 that is
appreciably higher than the classifier accuracy achieved with
other compared techniques.

Accuracy
120

100 +——

o]
o
L

Percentage
3
|

N
o
|

— Accuracy

20 —

Deep  DecisionTree Random Random Tree
Learning(DL) (DT) Forest (RF) (RT)

Algorithm

Fig. 5. Comparative analysis of different ML algorithms
based on accuracy
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The comparative outcomes of various ML techniques with
respect to precision are shown in Fig. 6. From the figure, itis
evident that the RT classification achieved the precision value
of 54.48 that is much lesser than the other techniques. After
that, DT and RF classifications revealed competitive action
on one other. DT and RF classifications obtained precision
value of 96.13 and 99.30 correspondingly. While RF controls
to achieve optimal classifier outcomes than DT and RT, it
fails to illustrate superior action over DL classification. The
DL classification shows the highest precision value of 100. In
overdl, the DL classifications are found to be appreciably
optimal than every compared techniques.

Precision

100 -
5%
3?40’ [ # Precision
20 -
0-

DeusonTree Random RandomTree
(om) Fores(RF) (RT)
Algorittm

Learnmg(DL)

Fig. 6. Comparative investigation of different ML
algorithms based on precision

Similarly, accuracy and precision has the relative analyses of
different ML methods in terms of recall has
Table- VIII: Classification performance of different
classifierson CKD dataset

Algorithm Accuracy Precision Recall
Deep

Learning 100 100 100
Decision

Tree (DT) 98.25 96.13 99.33
Random

Forest (RF) 97.75 99.3 94.67
Random

Tree (RT) 68.5 54.48 97.73

examined aswell asrelative outcomeisdepictedinFig. 7. Itis
clearly noted from figure that it is significant that RF reached
a lower value of 94.87 that is less than alternate techniques.
Alternatively, RT exposes a considerable process than RF
along with arecall measure of 97.73. However, DT performs
in abetter way such that RF aswell as RT hastherecall value
of 99.33. In spite of DT triesto process in a standard manner
than other techniques, it fails to produce optima outcome
than DL classification process. Hence, DL classifier reaches
recall value of 100 that denotes a maximum classification
process based on CKD dataset. The table and figures implies
a clear statement that DL classifier accomplish a optimized
classification operation than different other classification
techniques. Therefore, it is concluded that DL classifier is
optima method for classifying instances of CKD dataset.
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Recall
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97 -~
96 -
95 ~ " Recall
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93 ~
92 -

De(:lson Tree Random Forest Random Tree
(DT) (RF) (RT)
Algorithm

Percentage

Learnlng(DL)

Fig. 7. Comparative analysis of different ML algorithms
based on recall

VI. CONCLUSION

Presently, CKD is considered as a mgjor reason for the
increase in the world's mortality rate. At the same time, it is
not easy to identify the CKD quickly. Recently, various ML
dependent data classifier techniques are presented to forecast
CKD. These papers propose a comparative analysis of 4 data
classifier techniques such asDL, DT, RF and RT. The action
of the classifier techniques are examined with the use of
benchmark CKD dataset from UCI repository. From the
simulation outcomes, it is evident that the DL method has
achieved maximum classification with respect to accuracy,
precision and recall. The table and figures denotes as clear
statement that a DL technique represents the optimal
classification measure when compared with alternate
classification models. Hence, DL classification reaches a
better classification accuracy, precision and recall around
100, 100 and 100 respectively. From entire process, it is
finalized that DL classification has a better option for
classifying the instances of CKD dataset. Therefore, the
upcoming study would be expanded with the application of
novel bio-inspired framework to classify CKD dataset.
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