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1 Introduction

Chronic Kidney Disease (CKD) is a persistent illness characterized by the kidneys’ inability to function
properly. A study indicates that 1.2 million individuals perished globally in 2018 [I], and in Western
nations, 5-12% of patients are afflicted with chronic kidney disease (CKD) [2]. The high prevalence of
chronic kidney disease (CKD), substantial treatment costs, and irregular access to care present patients
and their families with various financial and ethical dilemmas.

Creatinine is an essential parameter for detecting chronic kidney disease (CKD); it is a metabolic
waste product generated by muscle metabolism. The normal range is 1.2 mg/dL for women and
1.46 mg/dL for men; however, elevated levels of creatinine are observed in the advanced stages of
CKD. Chronic diseases are noncommunicable (NCDs), indicating they are not transmissible between
individuals, whereas communicable diseases (CDs) can propagate from one individual to another and
reproduce rapidly. Chronic disease arises from behavioral, biological, social, and environmental vari-
ables and may result in mortality |3 ©]. This condition is prevalent globally and affects individuals of
all age demographics.

The human kidney is essential to bodily function, and associated disorders are typically chronic.
The primary function of the kidney is to filter blood via millions of nephrons, eliminating undesirable
substances from the human body. The accumulation of these undesirable substances results in chronic
renal disease [4].

1 to 5 can be identified using various factors, including hypertension, diabetes, and anemia. Dia-
betes elevates blood sugar levels, resulting in nerve damage and vascular constriction. Anemia results
in hypertension, a deficiency of red blood cells (RBCs), and reduced hemoglobin levels. Erythrocytes
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deliver oxygen to bodily tissues. The supply of less oxygen can result in anemia. Anemia diminishes
iron levels, reduces red blood cell count, and alters the morphology of red blood cells. Anemia is
defined as a hemoglobin concentration below 12 g/dl in women and below 13 g/dl in males.

Another estimate [6] indicates that around one hundred individuals per million are afflicted by
kidney illnesses alone. Recent statistics from the National Kidney Foundation (NKF) in 2019 indicate
that the death rate of chronic kidney disease (CKD) surpasses that of breast cancer and prostate cancer.
It is estimated that in the USA, 37 million individuals, about 90% of those with chronic kidney disease
(CKD), are unaware of their condition. It is concerning that over 80 million individuals are at risk for
chronic kidney disease (CKD). Recent observations indicate that individuals with kidney illness and
transplant patients face an elevated risk of severe consequences from COVID-19.

Feature-based categorization utilizing machine learning techniques might be employed to identify
the warning signals of chronic kidney disease (CKD). Classification can be performed utilizing various
aspects of accessible data through data mining technologies to diagnose diseases and retrieve perti-
nent information. Expert systems are beneficial for practitioners since they may generate automated
predictions based on the available data of patients, hence enhancing therapeutic outcomes. Numerous
instances have demonstrated that expert systems can surpass human specialists in performance owing
to their capability for multidimensional data processing [15], [16].

Diverse data mining methodologies are employed to extract insights from current databases and
uncover comparable data for decision-making, evaluation, and forecasting [§]. Primarily, data mining
employs descriptive and predictive models. Descriptive models classify patterns to examine the char-
acteristics and relationships of data, whereas predictive models forecast outcomes based on many data
sources.

This research is significant due to the public health implications of chronic kidney disease (CKD),
the potential of machine learning in healthcare, and the critical role of early identification and inter-
vention in enhancing patient outcomes in real-time settings.

This work aims to predict the stages of chronic kidney disease by extracting variables from a spec-
ified dataset. Consequently, we created a decision support system to aid both patients and physicians.
This method delivers knowledge that may not be easily obtainable by human experts, without any
delay. Our objective was to improve algorithm efficiency and precision.

2 Literature Review

Biological data has undergone substantial growth owing to various factors, including advancements in
recording technologies, automated data creation techniques, the proliferation of medical facilities, and
the rise in human population. Notwithstanding this growth, the death rate attributable to various
diseases is concurrently increasing. A primary factor contributing to the elevated death rate is the
inability to identify diseases in their early stages.

This section presents a concise overview of recently established categorization models for chronic
kidney disease (CKD). Arulanthu and Perumal introduced an optimal cloud- and IoT-based decision
support system for chronic kidney disease detection. The presented strategy employs a simulated
annealing-based feature selection method with the RMSProp optimizer, referred to as SA-RMSPO-
LR, to classify the presence of chronic kidney disease from healthcare information. Noor et al [5]
proposed a primary healthcare scheme for the management of Chronic Renal Disease (CKD) patients,
utilizing IoT technology. This scheme emphasizes dietary nutrition, particularly salt intake levels,
patient logging, activity levels, water consumption, and sleep pattern monitoring to facilitate essential
enhancements in their healthcare status. [10] developed a hybrid intelligent solution for chronic kidney
disease prediction based on cloud IoT by employing two advanced technologies: neural networks and
logistic regression. Neural networks are utilized for predicting chronic kidney disease (CKD). Logistic
regression is employed to identify significant characteristics that affected chronic kidney disease.
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3 Classification Methods

To effectively and accurately reassess the patient’s healthcare status, each critical healthcare parameter
and data collected by IoT sensors can be examined using machine learning methods within a predictive
model, which has proven to be an efficient solution in prior medical detections. Data mining techniques,
particularly classification methods, are frequently utilized as effective tools in anomaly detection and
disease prediction within comprehensive research as an efficient strategy. The advancements in existing
IoT devices and biomedical sensors have led to the establishment of several health tracking and smart
medical care schemes [I5]. The current study primarily focuses on the early diagnosis of many chronic
diseases, including diabetes mellitus, heart disease, and chronic kidney disease (CKD), utilizing multiple
elements that influence these conditions. However, the integration of each critical parameter required
for disease prediction, the efficacy of the prediction approach, and the execution time continue to pose
a difficulty [16].

3.1 Artificial Neural Network (ANN)

Consequently, the CC technique in healthcare aids stakeholders in storing patient medical records, ac-
cessing extensive patient data, applying illness predictions, and facilitating telemedicine, among other
functions. Recently, the global community confronts challenges related to public health issues stem-
ming from chronic diseases such as chronic kidney disease (CKD), which in turn escalates healthcare
expenditures [18]. Due to threats and rising costs of CKD treatment, especially in developing countries,
previous CKD forecasts present a major obstacle to healthcare facilities and physicians in this nation.
The input layer receives environmental data as numerical representations, encompassing many data
types such as images, text, numerical values, or speech. The input neurons are subsequently linked to
hidden neurons, and the subsequent layer of hidden neurons calculates the hyperparameters for each
connection. Each subsequent layer neuron calculates the total of products using the following equation:

n
Output = Zwi “x;+b (1)
i=1
where w; represents the weights, x; represents the input, and b is the bias term.

3.2 Support Vector Machine (SVM)

Support Vector Machines (SVM) are extensively utilized in machine learning and pattern recognition
applications owing to their superior performance relative to alternative machine learning techniques.
This is a supervised learning method employed for regression and classification tasks. Linear SVM
utilizes a hyperplane to distinguish between the two classes of data [18, [19].

The negative plane signifies a value less than 1 in the SVM methodology:

wlez +b< -1 (2)

The positive plane signifies values exceeding 1:
wliz+b>1 (3)

The hyperplane classifier border is defined by:
wlz+b=0 (4)

3.3 J48 Decision Tree Algorithm

J48 is a decision tree classifier, fundamentally a Java-based implementation of the C4.5 algorithm. It
uses information theory to assess the distinct attributes of a certain dataset. The aim of J48 is to
attain decision accuracy with adaptability. Decision tree pruning is the procedure that removes some
nodes or branches from the tree without compromising the model’s accuracy |20, 21].
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3.4 Naive Bayes (NB)

The Naive Bayes algorithm is a supervised probabilistic classifier. Naive Bayes delineates conditional
independence among characteristics. Let v; represent the probability of a certain data instance be-
longing to class ¢; hence, for n classes, the probabilities are expressed as V = {v1,v2,...,v,}. The
likelihood of a certain occurrence belonging to designated classes is expressed as:

PX|C) - P(C)

P(CIX) = =~ 5)

3.5 Logistic Model Tree (LMT)

LMT is a synthesis of the decision tree and logistic regression models. The decision tree is the most
traditional method for classification, wherein each instance is categorized according to its parameter
values. Entropy D is utilized to quantify data impurity. For a dataset of instances, entropy is defined
as:

k
Entropy(D) = =) _ pilog,(pi) (6)
i=1
The information gain for a specific characteristic is defined by:
D
Gain(D, A) = Entropy(D) — Z | Dv‘ Entropy(D,) (7)
veValues(A) ‘ ’

3.6 Functional Tree

The functional tree constructs the decision tree and implements logistic regression at nodes and/or
leaves [14]. The functional tree algorithm constructs the decision tree in two parts: conducting a depth-
first traversal of the decision tree for the purpose of pruning, and assessing two metrics at non-leaf
nodes for tree pruning [22] 23].

4 Proposed Methodology

The study advocates a multiphase methodology for constructing a decision support system (DSS)
for the diagnosis of Chronic Kidney Disease (CKD), delineating the process into distinct phases to
guarantee comprehensiveness and orderly advancement [24] 25].

4.1 Data Acquisition

This multivariate dataset is tailored for classification problems, consisting of 800 cases and 25 attributes,
which include 11 numeric and 14 nominal features with multi-labels. The dataset is categorized into
five stages of chronic kidney disease (CKD) and one normal condition. The five phases are as follows:

e CKD Stage 1: eGFR 90 or greater
e CKD Stage 2: eGFR between 60 and 89
o CKD Stage 3: eGFR between 30 and 59
e CKD Stage 4: eGFR between 15 and 29
e CKD Stage 5: eGFR less than 15

A distinct dataset (designated as TEST) is compiled from pertinent data sourced from local hos-
pitals and clinics to evaluate the efficacy of classification algorithms. This test dataset comprises 66
occurrences and an equivalent number of characteristics.
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4.2 Selection of Data Mining Tools

A data mining tool, Weka 3.6, has been selected to implement the data mining algorithms and asso-
ciated data processing methods. The selection is made based on its characteristics including several
integrated data mining techniques along with data preparation capabilities.

4.3 Data Preprocessing

This step involves the elimination of noise and the imputation of missing values from the dataset.
Missing values are substituted with mean values. Various features of the dataset possess values within
disparate ranges; hence, all such attributes are normalized to the range of 0 to 1.

4.4 Feature Prioritization

The subsequent phase in diagnosis involves feature ranking, wherein high-value features are prioritized
in the mining process. Information gain and entropy theory are utilized for this aim. The most signifi-
cant qualities encompass Serum Creatinine, blood urea, hemoglobin, specific gravity, hypertension, red
blood cell count, and diabetes mellitus, which regulate the risk factors associated with kidney function.

4.5 Classification

Classification involves a two-step process: the mapping of features to labels and the implementation
of a classification method. The classifier is trained using the training dataset, and its performance is
assessed on the test/validation dataset. This study employs various categorization algorithms, with
their performance evaluated based on precision, recall, and F-measure.

5 Results and Discussion

Cross-validation is a technique employed to yield outcomes with elevated confidence. We employed
10-fold cross-validation for our studies and present the average score. To enhance the reliability of our
results, we utilized an additional dataset for testing purposes, which was obtained from local hospitals.

5.1 Experiment One: Binary Classification

Initially, we conducted binary classification. The outcomes for binary categorization are presented in
Table [

Table 1: Results of the Binary Classification Dataset

Algorithms Precision (%) Test Duration (seconds)
LMT 98.0 0.99
FT 97.5 0.09
J48 99.0 0.01
Artificial Neural Network 99.75 5.05
Support Vector Machine 97.75 0.02
Nalve Bayes 95.0 0.01

The ANN approach attains 99.75% accuracy in binary classification, albeit it requires more time
than alternative algorithms. While the ANN approach requires marginally more time than alternative
classification algorithms, it provides superior accuracy.
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5.2 Experiment Two: Multi-class Classification without Gender

In our second experiment, we performed multi-class classification on the chosen dataset. The results
for multi-classification are presented in Table

Table 2: Results of Multi-class Dataset-2

Algorithms Precision (%) Test Duration (seconds)
LMT 84.5 4.91
FT 84.5 0.2
J48 84.75 0.01
Artificial Neural Network 66.75 6.22
Support Vector Machine 67.0 0.2
Naive Bayes 77.75 0.1

The J48 algorithm attains an accuracy of 84.75% in 0.01 seconds. Dataset-2 exclusively concentrates
on the identification of CKD phases, omitting the gender characteristic. We noted that the gender
feature is significantly important for CKD stages.

5.3 Experiment Three: Multi-class Classification with Gender

Dataset-3 comprises 27 attributes, one of which is gender. An equivalent number of instances is added
for each gender to achieve class balance. The results are shown in Table

Table 3: Results for Multi-class Dataset 3

Algorithms Precision (%) Test Duration (seconds)
LMT 91.75 10.65
FT 87.5 0.49
J48 85.875 0.03
Artificial Neural Network 76.625 14.0
Support Vector Machine 75.5 0.26
Naive Bayes 81.5 0.01

This work proposes a hybrid knowledge modeling technique that integrates domain knowledge and
patients’ clinical situations for complicated decision-making regarding the commencement, adjustment,
monitoring, or withdrawal of medicine. Additionally, we suggest a PII that offers a comprehensive
overview of the patient data for a specified duration. The PII helps identify previous similar cases that
resulted in positive patient-centric outcomes, such as improvements in laboratory results after following
the prescribed medication regimen, thereby enabling the recommendation of the same regimens to
similar patients. Medication dosage estimation is conducted on reference cases (derived from analogous
patient cases) utilizing the IQR to aid clinicians in determining suitable dosages. The prevalence of
chronic renal issues is significantly rising due to hypertension, diabetes, anemia, and other associated
disorders. Individuals afflicted with these conditions may remain unaware of the initial symptoms,
which complicates the diagnostic process. Advanced data mining diagnostic and predictive technologies
could enable patient self-assessment and aid medical experts in making an accurate appraisal of the
patient. This research introduces a framework for a clinical decision support system for Chronic
Kidney Disease (CKD) based on the knowledge and insights of professionals and experts. Various
categorization methods are employed and assessed on the dataset to determine the status and establish
the progression stage of CKD. The proposed methodology enhances accuracy to 91.75% and decreases
the cost of forecasting CKD stages by utilizing LMT algorithms on the dataset.
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