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Introduction: Chronic Kidney Disease (CKD) is a significant health issue,
ranking as the fourth leading cause of mortality worldwide. The traditional
diagnosis and treatment process, reliant on medical experts, is time-
consuming. Therefore, there is an urgent need for more efficient diagnostic
methods to improve patient outcomes and reduce mortality rates. In this
study, we employ Machine Learning (ML) and Deep Learning (DL) techniques
to predict CKD based on important features. Feature analysis was performed
using a correlation matrix and the LASSO algorithm to identify the most
relevant features for model training. We evaluated several ML and DL
classifiers, including Logistic Regression (LR), Support Vector Machine (SVM),
Random Forest (RF), Naive Bayes (NB), K-Nearest Neighbor (KNN), Decision
Tree (DT), XG-Boost (XGB), Ada- Boost (AB), and Deep Neural Network. Our
results demonstrated that the RF, LR, and SVM classifiers achieved the highest
performance, with accuracy rates of 96.66%, 96.66% and 96% on average,
respectively. This study identifies the most effective classifiers for CKD
prediction and proposes a public model to facilitate early diagnosis,
potentially reducing CKD-related mortality.
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INTRODUCTION

One of the most important organs of the mortal body,
the kidneys, diligently performing the vital task of
filtering blood and expelling waste substances from
the body [1]. These bean- shaped structured organs
houses intricate networks of tubules and nephrons,
introducing a complex filtration process essential for
maintaining equilibrium. The kidneys always
maintain the balance of electrolytic situations and
blood pressure, just like they take care of the role of
producing necessary hormones demanded for making
red blood cells and metabolism of calcium [2]. This
complex interplay underlines the essentiality of
kidneys in supporting fleshly functions and
underscores the urgency with which optimal
functioning of the kidneys should be conserved. CKD
is a notorious health challenge characterized by time-
related corrosion of renal function [3]. Fastidious
assessments of the Glomerular Filtration Rate (GFR)
are critical indices of renal function that decide and
manage CKD hinge on [4]. Advancing to further stages
of CKD requires treatment interventions that are
adapted, in terms of lifestyle modifications to
pharmacological therapies, to help effectively relieve
the related complications. In the face of the rapidly
increasing frequency of CKD glob- ally, timely
detection and visionary management policies are
required to reduce the growing burden of this
debilitating condition [5].

Due to the growing demand for heightened personal
skills, croakers and experimenters have highly leaned
on ML techniques for better comprehension and early
detection of CKD [6]. Naturalistic, massive data sets
from these studies aim to unlock subtle patterns
within these massive data sets using the likes of NB,
DTs, and SVM advanced algorithms in predicting the
course of falling ill with CKD and its progression [7].
Through the power of ML, clinicians hope to usher in
a new period of individualized therapeutic regimens
in which early discovery and regular treatment
become the bedrock of CKD operation, therefore
offering renewed stopgap to the individualities
scuffling with this insidious sickness. Numerous
experimenters have formerly worked on determining
CKD using ML [8].
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Many researchers have already worked on predicting
CKD using ML. Revathy Ramesh et al. [9] proposed a
model using ML prognosticating CKD. It discusses the
significance of early discovery of CKD and presents a
vaticination frame that utilizes data preprocessing,
data metamorphosis, and colorful classifiers to
prognosticate CKD at an early stage. The algorithms
used in this trial are DT, RF, and SVM. Surya
Krishnamurthy et al. [10] proposed this paper
exploring the development and evaluation of artificial
intelligence (Al) models for prognosticating the threat
of CKD in cases over a 6 or 12- month period. The
study focuses on exercising minimum variables
similar as sex, age, comorbidities, and specifics
uprooted from electronic health records (EHR). The
study employs colorful ML algorithms, including LR,
DT, Light- GBM, and deep neural network similar as
Convolutional Neural Networks (CNN) and
Bidirectional Long Short- Term Memory (BLSTM).
These algorithms are applied to different datasets,
including added up, temporal-daily, and temporal-
yearly data. Dibaba Adeba Debal et al. [11] proposed a
model using ML prognosticating CKD. This paper
focuses on the operation of ML ways, specifically RF,
SVM, and DT algorithms, for the vaticination of CKD.
The authors employ these algorithms on a dataset
containing 19 features with numerical and nominal
values, along with the class markers indicating the
presence or absence of CKD. Two point selection
styles, Recursive point Elimination with Cross-
Validation (RFECV) and Univariate Feature Selection
(UFS), are used to identify the most prophetic features
for erecting the models.

In this paper, we propose a novel approach for
predicting CKD using a streamlined dataset. Previous
works have considered all features of the dataset,
potentially including unnecessary ones. We applied
the Correlation Matrix and Lasso Algorithm to the
dataset to identify the dominant features with a
deeper impact on CKD prediction. By excluding
unnecessary features and focusing on dominant ones
during preprocessing, training, and testing, we aim to
reduce the redundant load on classifiers, saving time
and increasing efficiency. This may help reduce the
redundant cargo on classifiers and end up saving time
and increase in proficiency.
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LITERATURE REVIEW

Researchers have shown a lot of interest in the idea of
creating surveillance and fore- casting methods and
processes for diseases that significantly affect human
health. This section provides an in-depth analysis of
the interconnected research conducted by several
researchers in the same field.

The authors of this paper [9] researched on the
prediction of CKD using ML models. The paper
explains how early detection of CKD is vital and also
indicate how the predictive framework can be used for
the early prediction of the prevalence rate of CKD. The
experiment was performed using the DT, RF, and Class
3 SVM model. The classifiers were trained using input
parameters obtained from rewards where CKD
patients were involved and then developed models
that can be used to predict CKD. The results show that
the second model which employed the RF classifier
gave the best accuracy of 99.16% compared to the
other models that were used. The SVM model had an
accuracy of 98.33% while the DT model had an
accuracy of 94.16%, while the. A small amount of test
data of only 120 instances are given. A larger amount
of training data might have resulted in more accurate
results.

This research [10], introduces Al-driven prediction
models, predicting potential CKD over a 6- and 12-
month period in patients, using minimal EHR
variables such as sex, age, comorbidities, and
medications. Classifiers include various LR, DT, RF,
LightGBM, deep learning with CNN and bidirectional
LSTMs. This work evaluates those classifiers over
three datasets: aggregated, temporal quarterly, and
temporal monthly. The highest AUROCs still were
0.957, 6 months and 0.954, 12 months, for the best
algorithm. Remaining higher-risk predictors include
older age, diabetes mellitus and gout, and use of some
specific medications. These deep neural networks
associated with the classical models in these types of
predictions, indeed present in the prediction by
integrating temporal information. Most laboratory
results were unavailable in the present study. The
most indispensable part of the study, though, is
considered on the global generalization of the whole
population, the amount and level of noise level of the
dataset. Clinical practice from these findings requires
the use of further clinical trials and, more so, features.
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This paper [12] aims to understand how the applied
ML algorithms are put to use in predicting CKD stages.
The classification performance of patient data was
compared between ]48 and RF in this paper. A
decision algorithm is applied for this study. The
decision algorithm is applied for this study where the
algorithm attained good performance in terms of
precision, recall, and specificity on the CKD Stage 34,
although not very good. ]48 yielded accuracy with the
proportion of 94% in stage 3B, parallel sensitivity, and
good specificity compared to RF. For stage 4, it was
95% with parallel specificity, while for stage 5, RF
performs better with J48 in terms of accuracy and
specificity. In this concern, ]J48 resulted in an accuracy
of 85.5% under 0.03 s, while RF resulted in an
accuracy of 78.25% at 0.28 s. However, the
performance is a function of the size and characteristic
of the dataset and cannot be transferred to another
dataset or an algorithm. This needs further research
and validation.

This paper [13] explores the perceptions of ML
algorithm performance on CKD. Testing involves a
dataset with 24 features from 400 cases diagnosed
with CKD. Algorithms applied in this study: SVM, KNN,
DT, and RF. In these algorithms, the data
misclassification is done based on the dataset to
classify and predict CKD. Here the results show that
the RF algorithm is outstanding in its performance, as
it has achieved ratings of 100 in terms of accuracy,
perfection, recall, and F1-score criteria. While the DT
model showed an equal performance to recommend
its estimable one with an accuracy of 99.17%. Even
though these promising issues are bound to a few
certain limitations, the study is mainly based on the
specific dataset taken from UCI ML Repository,
causing the result bias. The assumption that the listed
features are fully representative can affect
generalization power. Similarly, in the work, there are
no discussions regarding ethical issues and external
validation of the models proposed.

In paper [14], the authors demonstrated their study
about predicting CKD using ML techniques. Precisely,
the authors applied the DT algorithm and the NB
algorithm to the prediction classes with the aid of
clinical data. The result of the work shows that the DT
algorithm tends to have a better rate of accuracy at
99.25% compared to the NB one of 98.75\%. For this
DT algorithm, sensitivity and specificity were
obtained to be 99.33% and 99.20%, respectively,
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which tops those obtained through NB. A larger
number of attributes have been considered here, like
age, bp, sg, al, su, b, pc, pcc, etc. Keeping only serious
ones could result in faster processing.

In the present paper [15], early prediction of CKD by
ML is discussed. CKD often progresses without the
individual feeling any symptoms until the later stages.
So, the models take the data from the CKD patients and
make use of DT and SVM for building the predictive
model. DT: Makes a report for the prediction of CKD.
SVM: Classifies and predicts relationships between
coordinates in multi-dimensional spaces. For DT:
Total Instances: 400. Number of Correctly Predicted:
367. Incorrect Predictions: 33. Accuracy (F1
Measure): 0.8959. Precision: 0.8503. Recall: 0.9467.
The results were: Total Instances: 400; Correctly
Predicted: 387; Incorrect Predictions: 13; Accuracy
(F1 Measure): 0.9579; Precision: 0.9308; Recall:
0.9866. More and better data are needed to highlight
ways of making this model more precise. Dataset
limitations include its size, as well as missing values
in.

This paper [11] prescribes the application of ML
techniques for the prediction of CKD. The techniques
use algorithms based on RF, SVM, and DT. Models
trained are implemented against a data set prepared
with 19 features and class labels, finally indicating the
presence of CKD. Other feature selection techniques
include Recursive Feature Elimination with Cross-
Validation and Univariate Feature Selection. In the
binary classification performance with CKD versus
non-CKD, SVM was slightly the best with 99.8%, and
RF came almost equally at 99.7% after the RFECV
procedure. In the multi-class classification with the
five stages of CKD levels, RF with RFECV actually
gained the best accuracy of 79%. The characteristics
that are limiting to this work are that the dataset is
quite small, highly prone to overfitting, and the scope
of the study was not set on unsupervised algorithms,
including deep learning. Future efforts will be focused
on realizing the mobile-based systems for real-time
monitoring and applications of the evaluation with
deep or unsupervised models.

The paper [16] discusses an offering entitled
“Empirical Evaluation of ML Techniques for CKD
Prophecy,” which reflects an empirical comparison of
ML techniques for predicting CKD. In the current
paper, the authors try to evaluate and compare several
ML algorithms’ performance in classifying instances
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with or without CKD and achieve a base from the UCI
ML repository. The paper evaluates a few of the ML
algorithms with others, comprising NB (NB), LR,
Multi-layer Perceptron (MLP), J48, SVM (SVM), NB
Tree, and one hybrid algorithm, called CHIRP
(Composite Hypercube on Iterated Random
Projection). The experimental results show that
CHIRP performs better performance-wise, compared
to all others used on it. Several evaluations of
performance are conducted based on error criteria,
which include: MAE, RAE, RMSE, RRSE, Precision,
Recall, F-Measure, and Accuracy. All these criteria
consistently respect the order of the CHIRP algorithm
in maximizing the accuracy and minimizing the error
rate compared to other approaches.

The purpose of a literature review is to present an
outline of the latest research and descriptions that are
relevant to what they are doing or the topic of inquiry
so that the material may be organized on a piece of
paper. To obtain the best results, feature analysis is
required for important variables that have a greater
impact on the kidney. After reviewing multiple
methodologies from various researchers, it emerged
that many studies did not employ more feature
analysis techniques employing distinct classifiers. In
addition, after considering the findings of several
studies, it emerged that ML methods were not applied
extensively. After using different preprocessing
procedures, a balanced set of data is generated,
increasing the accuracy of the prediction model.

METHODS

The methodology gives a glimpse on how to use the
power of ML techniques for pre- dicting CKD with
precision and reliability. It comprised several critical
steps, including data collection, data preprocessing,
feature analysis, data splitting, classification using
diverse ML algorithms, and performance evaluation.
Workflow of this entire paper is shown at Figure 1.

A. Data Collection

The dataset used in this research was collected from
the Kaggle repository [17], offering accurate records
from 400 patients, each characterized by 25 distinct
features pertinent to CKD diagnosis. Table [ provides
a feature description.

B. Data Preprocessing

Data preprocessing is an essential procedure before
model development and training in ML. After
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obtaining the relevant dataset, the next step is
preprocessing it for developing models and training.
The collected dataset went through extensive
preprocessing procedures to ensure its suitability for
accurate analysis [18]. The features 'red blood cells’,
'pus cell’, 'pus cell clumps’, 'bacteria’, ’hypertension’,
‘diabetes mellitus’, ‘coronary artery disease’,

TABLE I. Input Features

No | Features | Data types Ilustration
1 age Numerical Represents the age of the
patient
2 | blood_pr | Numerical Indicates the blood
essure pressure measurement of
the patient
3 | specific_ | Numerical Refers to the density of
gravity urine relative to water
4 albumin Numerical A protein found in the

blood that can leak into the
urine when kidney
function is impaired

5 sugar Numerical | Represents the presence of
sugar in the urine

6 | red_bloo Nominal Indicates the presence or
d_cells absence of red blood cells
in the urine
7 pus_cell Nominal Represents the presence or
absence of pus cells in the
urine

8 | pus_cell_ Nominal Indicates the presence or
clumps absence of clumps of pus

cells in the urine

9 bacteria Nominal Represents the presence or
absence of bacteria in the

urine
10 | blood_gl | Numerical Represents the random
ucose_ra blood glucose level of the
ndom patient
11 | blood ur | Numerical Measures the amount of
ea urea nitrogen in the blood
12 | serum_cr | Numerical Measures the level of
eatinine creatinine in the blood
13 | sodium Numerical Measures the
concentration of sodium in
the blood

www.healthinformaticsjournal.com

14 | potassiu Numerical Measures the
m concentration of potassium
in the blood
15 | haemogl | Numerical Measures the amount of
obin hemoglobin in the blood
16 | packed _c | Numerical | Also known as hematocrit,
ell_volu measures the volume
me percentage of red blood
cells in the blood
17 | white_bl | Numerical Measures the number of
ood_cell white blood cells in the
_count blood
18 | red_bloo | Numerical Measures the number of
d_cell_co red blood cells in the
unt blood
19 | hypertens | Nominal Indicates the presence or
ion absence of hypertension
(high blood pressure)
20 | diabetes_ | Nominal Indicates the presence or
mellitus absence of diabetes
mellitus
21 | coronary Nominal Indicates the presence or
_artery_d absence of coronary artery
isease disease
22 | appetite Nominal Represents the patient's
appetite status
23 | peda_ede Nominal Indicates the presence or
ma absence of pedal edema
(swelling of the feet)
24 | aanemia Nominal Indicates the presence or
absence of anemia
25 class Nominal Represents the target
variable indicating the
presence or absence of
chronic kidney disease

‘appetite’, 'pedal edema’, ’anemia’, and ’class’ are
nominal and were converted to 1 and 0. There were

many missing or null values in the dataset, which were

addressed using two methods: random sampling for
features with a high proportion of null values and
mean/mode sampling for features with a lower
proportion of null values.

C. Feature Analysis

Feature analysis was the most crucial part of this
research that enabled us to identify the most potent
predictors for CKD. We have applied both correlation
matrix analysis and the Lasso algorithm in this study.
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The correlation matrix can enable one to see the inter-
relationship between the different features; on the
other hand, the Lasso algorithm is able to identify only
the valid features for accurate prediction of CKD [19].
Specifically, the correlation matrix revealed 8 features
of prime importance; Figure 2 indicates the result
with it, complemented by a personal 14 features that
the Lasso algorithm said are indispensable. Figure 3
demonstrates the result.

D. Data Splitting

To facilitate robust model testing and training, the
dataset was purposely partitioned into two distinct
subsets: 80% designated for model training and the
remaining 20% reserved for rigorous testing and
validation [20].

Dataset

T

{ Data Processing
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Determining Matrix

Numerical,
! Feature
Nominal, Null Analysis
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data
Lasso Algorithm

Classifiers

Ramhm Forest
XG Boost
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—~
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¥

/

Process Evaluation

Model Evaluaiion
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Performance Matrix

Result (Best Performance)
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Fig 1. Overall workflow diagram
E. Classifiers

An array of state-of-the-art ML classification
algorithms was enlisted for the task at hand. These
included Decision Tree (DT), Random Forest (RF),
AdaBoost (AB), XG-Boost (XGB), k-Nearest Neighbor

(KNN), Support Vector Machine (SVM), Naive Bayes
(NB) and Logistic Regression (LR).

I. Decision Tree

Itis a supervised learning algorithm that is applied for
both classification problems and regression problems.
This model is one of the most supportive techniques
for problems relevant to classification problems. A DT
can be described as a tree structure or a tree
containing many separators based on numerous
features describing an outcome. There are two kinds
of nodes a. Decision Nodes: It is a branched node. b.
Leaf Node: This node is a decision and does not have
any further classification. Decisions are made based
on the features of the dataset, which in graphical
terms, make the tree present all possible solutions to
a problem under specified conditions in the form of a
tree starting from the root and branching out [21].
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Fig. 2. Feature Importance from correlation matrix
II. Random Forest

A common supervised ML algorithm used to solve
classification and regression problems in ML. It is
based on the idea of ensemble learning: let’s find a way
to group many classifiers together to solve a complex
problem and improve model performance. "RF is a
classifier built by a number of DTs on various subsets
of the given dataset and taking the average with
optimizing the predictive accuracy of that dataset,”

its name explains. In RF, the final prediction does not
depend on any one tree; rather, it is the result of the
majority of votes received by any of the pre- diction

Page 11343



Frontiers in Health Informatics
ISSN-Online: 2676-7104

trees in the ensemble. The more the number of trees
in the forest, the lesser the variance and hence greater
in accuracy; it saves from overfitting problems [22].

III.  AdaBoost

It is an ensemble classifier developed by Yoav Freund
and Robert Schapire in 1995, winning the Godel Prize
in 2003, for use in conjunction with other learning
algorithms in the construction of this statistical
classification meta-algorithm. AB Acquisition is a
general technique that can be applied to a wide range
of learning problems to boost performance. The
boosting that arises is the linear combination of the
weak hypotheses; this combines each boosting step
into a weighted sum reflection of the final boosted
classifier. Originally, AB was designed for binary
classification; it generalizes to multiclass problems. It
adapts to focusing on instances that are misclassified
by earlier classifiers and, therefore, is considered not
very prone to overfitting [23]. Since weak learners can
be only slightly better than random guessing, the final
model will converge to a strong learner.
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IV. XGBoost

Stands for Extreme Gradient Boosting. It is a very
effective and scalable ML algorithm for a supervised
task regarding classification, regression, and ranking.
As such, it belongs to the family of gradient boosting
algorithms that combine forecasts from many weak
learners into a strong learner, most commonly trees.
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XGB optimizes model performance through an
iterative building of a set of DTs. In other words, the
later trees in a sequence focus on error correction
based on previous steps. It employs optimization by
gradient descent to reduce a predefined loss function
and also effectively handles big data. That is why some
of the major features of XGB include regularization
techniques for preventing overfitting yet improving
generalization performance. It consists of L1 (Lasso)
and L2 (Ridge) regularization terms in the objective
function that penalize complex models, directing the
solution towards simpler models [24].

V. KNN

k-Nearest Neighbour is one of the simplest ML
algorithms based on the supervised learning
technique. Basically, the K-NN algorithm assumes that
the new case or data is put into a category most similar
to the available cases, with the new case put into it.
The K-NN algorithm is a lazy algorithm since it stores
all the available data but classifies a new data point
based on the similarity. Therefore, when new data
comes in, it is straightforward to use the K-NN
algorithm to classify it into the appropriate category.
The K-NN algorithm is most often used for
classification. KNN is a non-parametric algorithm,
insinuating that the algorithm does not presume
anything about the data distribution [25]. During the
training phase, the KNN algorithm only stores the
dataset and, when new data is received, classifies that
data based on its similarity to the data stored in the
dataset.

VI. SVM

SVM is one of the most widely used supervised
learning algorithms for classification, as well as
regression, problems. But it is mainly used in ML for
Classification 10 problems. The most important thing
that an SVM algorithm tries to do is to drive the best-
fitted optimal line or hyperplane dividing n-
dimensional spaces into classes so that, in future, we
can easily put a new data point into the correct
category. This best decision boundary is referred to as
a hyperplane and the support vectors that help in
making this hyperplane are basically the extreme
points/vectors [26].

VII. Naive Bayes

Naive Bayes algorithm is a supervised learning
algorithm, which is based on Bayes theorem and used
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for solving classification problems. It is primarily used
for text classification that includes a high-dimensional
training dataset. NB Classifier is one of the most
elementary and effective algorithms for Classification.
It helps build ML models fast enough to make swift
predictions. It is a probabilistic Classifier, meaning
that it predicts based on the probability of an object
[27].

VIII. Logistic Regression

It is a statistics method of analyzing a dataset used for
predicting the value of a dependent variable based on
one or more independent variables. The most
common LR model is a binary outcome, which is
something that takes on two possible values, such as
"yes” and "no,” or "true” and "false.” Multinomial LR is
helpful for modeling a situation in which more than
two possible discrete outcomes exist. Classification
problems cover that important type of analysis for
which LR may be used. This is where an attempt is
made to determine whether a new sample fits best
into a particular category. Since aspects of cyber
security involve a classification problem, LR will be
useful as an analytic technique [28].

IX. Deep Neural Network

Deep neural networks are more complex artificial
neural networks, usually with a much deeper hidden
layer structure, and can also include many different
layers such as convolutional layer (Conv), maximum-
poolinglayer (Pooling), dense or fully connected layer,
and other specific layers. These extra layers are
designed to allow the model to grasp issues much
better and to use clever answers for complicated
projects. A deep neural network contains more layers
(i.e. depth) than ANN and additional layers add
complexity to the model, however, it helps to process
inputs in a much more concise manner for getting as
close as possible to an ideal solution[29].

Neural Network Architecture: The neural network is
designed in a sequential model with some numbers of
layers[30]. A neural network contains some input
layer, respectively, 24 neurons corresponding to the
input dimensions. Then two hidden layers with 11 and
8 neurons are defined, followed by dropout layers to
avoid overfitting. Then batch normalization layers are
added in the subsequent layers to ensure stabilization
and acceleration of the training process. There is a
single output layer with one neuron based on the
sigmoid activation function for the last classification.

www.healthinformaticsjournal.com

Compilation and Training: The Adam optimizer with
learning rate 0.001 and binary cross-entropy as loss
functions is used. Fit the model on the train dataset (X
train, Y train) up to 100 epochs with a batch size of 32.
Early stopping will be set with a patience parameter of
10 epochs to counter overfitting.

Evaluation: The final step is the testing of the model
using the test data set. Evaluation of a trained model
with test dataset. Validation accuracy shows how the
model relates to the test dataset, by giving a
percentage of the correctly predicted labels. The final
testing is performed by deploying the test data set.
Calculation of the estimated metrices related
functions is done from scikit-learn.

Using the unique strengths and characteristics of each
algorithm, this study aimed to comprehensively
evaluate their efficacy in predicting CKD, thus
informing clinical decision-making processes.

F. Performance Indicator

The key point was performance evaluation, and
continuous attention was paid to assessing model
effectiveness considering 2 different sets of features,
the 8 features taken forward using the correlation
matrix and the 14 features that were put through the
Lasso algorithm for selection. The 10-fold approach
allowed for an in-depth comparison of the
performance of the models by means of the subsets of
features, thus yielding very important information on
the best approach toward CKD prediction.

RESULTS

A. Performance of models Using All Features
The dataset

In the beginning we run the training using all 25
features on classifiers such as RF, SVM, NB, LR, KNN,
XGB, DT and AB. From here we can seen that the RF
and LR has the most higher level of accuracy of 99%
followed by SVM, XGB and AB of 97% accuracy, DT and
NB having 96% and 95% accuracy and the lowest
accuracy is of KNN which is 73%. Training dataset
through DNN with all 25 features for 100 epochs with
a batch size of 32 we get a Validation Accuracy of 65%.
Table II shows the accuracy, precision, recall and f1
score for all classifiers.

TABLE II. Performance for all models

Algorithms Accuracy | Precision | Recall F1

Score
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Random Forest 99% 0.99 0.99 0.99
SVM 97% 0.97 0.97 0.97
Naive Bayes 95% 0.95 0.95 0.95
Logistic 99% 0.99 0.99 0.99
Regression
KNN 73% 0.79 0.72 0.73
XG Boost 97% 0.98 0.97 0.98
Decision Tree 96% 0.97 0.96 0.96
ADA Boost 97% 0.98 0.97 0.98
DNN 65% 0.99% 65% 78%

B. Performance of models Using Features
Analysis by Correlation Matrix

We run the training set using 8 dominant features
which are more impactful found by the correlation
matrix on classifiers such as RF, SVM, NB, LR, KNN,
XGB, DT, and AB. From here we can seen that the RF,
SVM, LR and XGB has the most higher level of accuracy
of 94% followed by DT, AB and NB of 93%, 91% and
90% accuracy, the lowest accuracy is of KNN which is
89%. training with DNN we get a very

TABLE III. Performance analysis using Correlation matrix

Algorithms | Accuracy | Precision | Recall F1
Score
Random 94% 0.94 0.94 0.94
Forest
SVM 94% 0.94 0.94 0.94
Naive Bayes 90% 0.91 0.90 0.90
Logistic 94% 0.94 0.94 0.94
Regression
KNN 89% 0.90 0.89 0.89
XG Boost 94% 0.94 0.94 0.94
Decision Tree 93% 0.93 0.93 0.93
ADA Boost 91% 0.91 0.91 0.91
DNN 88.75% 100% 65% 78%

satisfying Validation Accurracy of 88.75%. Table III
shows the results, containing the percentage and
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scores for accuracy, precision, recall, and F1-score for
all these 8 classifiers and DNN.

C. Performance of models Using Features
Analysis by Lasso Algorithm

Now we run the training using 14 dominant features
found by the Lasso algorithm which are more
impactful in determin- ing CKD. From here we can
seen that the RF, SVM, LR and XGB has the most higher
level of accuracy of 97% followed by DT, AB of 96%
accuracy, the lowest accuracy is of NB and KNN which
is 94%. Training with DNN we get Validation
Accurracy of 65%. Table IV is the result table
containing the percentages and scores for accuracy,
precision, recall, and F1- score for all these 8
classifiers and DNN.

TABLE IV. Performance analysis using LASSO Algorithm

Algorithms | Accuracy | Precision | Recall F1
Score
Random 97% 0.98 0.97 0.97
Forest
SVM 97% 0.97 0.97 0.97
Naive Bayes 94% 0.94 0.94 0.94
Logistic 97% 0.97 0.97 0.97
Regression
KNN 94% 0.94 0.94 0.94
XG Boost 97% 0.98 0.97 0.97
Decision Tree 96% 0.96 0.96 0.96
ADA Boost 96% 0.96 0.96 0.96
DNN 65% 100% 65% 78%

D. Performance Anlysis using ROC Curve

In order to demonstrate the performance of each
classifier, a Receiver Operating Characteristic curve is
drawn. It means that it is a plot of True Positive Rate
against False Positive Rate of a classifier. The more the
AUC score the better the result we will have.

L ROC Curves using CM'’s 8 features
RF, SVM, LR and XGB seems to have the highest AUC
score of 0.94 followed by DT of score 0.93. NB and AB
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has a score of 0.91 and KNN has the lowest score of
0.90. Figure 4 shows the ROC Curves and table V
shows the AUC scores.

KNN XG Boost Decision Tree Ada Boost
Fig. 4. ROC Curves of classifiers using CM’s features

IL ROC Curves using Lasso Algorithm’s 14
features

SVM and LR seems to have the highest AUC score of
0.97 followed by RF and XGB of score 0.96. DT and AB
has a score of 0.95, NB and KNN has the lowest score
of 0.94. Figure 5 shows the ROC Curves table VI shows
the AUC scores.

XG Boost Decision Tree Ada Boost

Fig. 5. ROC Curve of classifiers using LASSO’s features
E. Discussion

Comparing the performance of ML models using
different sets of features. Using 25 Features, RF and LR

www.healthinformaticsjournal.com

achieved the highest accuracy of 99%. SVM, NB, XGB,
DT, and AB also performed well with accuracies
ranging from 95% to 97%. KNN had the lowest
accuracy at 73%. Using 8 Features RF, SVM, and LR
maintained high accuracies but slightly decreased to
94%. NB, KNN, XGB, DT, and AB also experienced
decreases n accuracy, with values ranging from 89%
to 94%. Using 14 Features RF, SVM, LR, and XGB
maintained their high accuracies at 97%. NB, DT, and
AB had slightly lower accuracies compared to the 25-
feature scenario but still performed well at 94% to
96%. KNN had the lowest accuracy among the models
at 94%.

CONCLUSION

In this paper, our aim was to minimize the quantity of
features, thereby achieving a faster and more
optimized response by eliminating unnecessary ones.
We used a correlation matrix and the Lasso algorithm
to determine the dominant feature and trained our
models using them. Upon analyzing the results, we
found that, on average, RF and LR achieved the highest
accuracy, with an average of 97%. The model with the
lowest performance to date is KNN, with an average
accuracy of only 85%. This method of predicting CKD
will assist doctors in diagnosing the disease more
efficiently and quickly, without adding unnecessary
burden to the model. In the future, we aim to develop
a user interface for this method, ensuring its
accessibility to a specific user base. We will also train
these models using data from local private and public
hospitals, thereby enhancing their accuracy for
practical use.
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