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Abstract: The term "data mining" refers to the process of discovering previously unknown patterns in massive databases. It is possible to
extract valuable medical information from the medical field's heterogeneous data, which includes text, graphics, and photographs. The
severity of a patient's survival, illness, etc. following a medical condition can be predicted using medical data that reveals a pattern of the
disease. An automated calculation was utilized to generate the patient data set utilized for the analysis of patients with renal illness.
Predictions are employed in patients with renal illness based on past predictions. Since this pertains to the patient's life and an accurate
result is required, conventional theory is preferable to the probability theory utilized to get the outcome. As the population ages, chronic
kidney illness will only become worse. In order to give patients the best care possible, it is crucial to be able to detect and anticipate renal
illness. The traditional methods employed to identify patients suffering from renal disease, as well as the outcomes of the traditional
methods applied in the if-then rule and in conjunction with the generated agency. This novel approach takes the output data set as input
and generates results using a combination of two fuzzy systems—neu-ral blur systems—and neural networks. Instead of using probabilistic
neural networks, this new method combines fuzzy logic with other types of systems that provide mathematical conclusions. Mathematical

computations typically yield more precise outcomes.
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1. Introduction

The use of data mining techniques is widespread and has
several applications in healthcare. A great volume of
patients, illnesses, medical facilities, complex data, claims
processing expenses, medical equipment, etc. have all
been generated by the medical business, necessitating the
handling and analysis of information extraction. In order
to help healthcare providers make better judgments and
enhance patient management, data mining offers a
collection of tools and approaches that may be used to
processed data. Based on the patient's medical history,
current symptoms, diagnosis, and past treatments, a
successful treatment regimen can be suggested for
patients with comparable health issues.

A number of ailments, including chronic renal disease,
are caused by people's present-day work patterns, diets,
and ways of living. Diagnosing and treating chronic
kidney disease (CKD) quickly is essential because it is a
worldwide health concern that is becoming more
common. Important for the proper functioning of many
bodily systems, the kidneys filter out waste products and
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extra blood. A gradual decline in renal function, as seen
in chronic kidney disease (CKD), makes it more difficult
for harmful waste products to escape the body. In order to
address the question of CKD in their most recent study,
researchers employed data mining techniques.

To forecast the membership function of data instances,
data mining techniques like classification and clustering
are employed. Similar to clustering, classification
likewise uses classes to break down information retrieval
into its component elements. Applying target or predicted
qualities, the algorithm processes the training data set that
contains a collection of characteristics and specified
outcomes in order to arrive at the forecast.

The field should pay attention to CKD because it has
become a major concern on a global scale. When both
kidneys are impaired, the body is unable to filter out
harmful waste. In this study, we apply clustering
techniques like FCM and ANN to the problem of
detecting potentially fatal diseases like chronic kidney
disease.

2. Literature Review

In order to adjust the health knowledge foundations of the
care business without offering a formal knowledge test,
Allen et al. [1] demonstrate a symbolic FCM clustering
algorithm that incorporates fuzzy knowledge into its
structure. The approach also includes better attributes and
records, which provide higher accuracy throughout an
extra range. The system can detect and forecast when a

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(21s), 3168-3173 | 3168


http://www.ijisae.org/
mailto:nithyaraju.r@gmail.com
mailto:sumisundhar@auist.net
mailto:giripriya710@gmail.com

patient will have renal failure. Instead of relying on
medical tests administered by doctors to determine the
severity of the grouped diseases, the suggested system can
assist in predicting the aforementioned risk factors for
renal failure. In order to gather patient records for renal
disease, the FCM-related clustering method is used to
identify individuals who have received inadequate
therapy. Initial preprocessing information is derived
totally from all boilerplate records with missing data
added; the changing technique effectively connects the
best cohorts with suitable tweaks to the various FCMs,
discovering anomalies and legacy cases. The
categorization step involves dividing the FCM
classification into data regarding the severity of renal
disease risk.

In order to understand the relationships between patient
survival and several recorded factors, Chowdhury et al.,
[2] employed data transformation, data extraction, and
data preparation techniques. Decision rules are the basis
for two distinct data mining techniques. Algorithms for
making decisions employ these guidelines to forecast how
long new patients will live. Their significance in medicine
explains why data mining is being used to uncover key
factors. Using data gathered from four different dialysis
centers, they have been developing and testing a novel
concept detailed in a recent study article. A less time-
consuming and expensive method is suggested in their
work for choosing research subjects for clinical studies.
Using the anticipated outcome and the most critical
parameters identified, patients can be chosen.

In order to forecast the long-term results of a kidney
transplant, Senan et al. [3] distinguished between logistic
regression and artificial neural networks. Using ten
datasets for training and validation, this study uses logistic
regression and neural networks to forecast the specificity
and sensitivity of artificial renal exclusion in renal
transplant recipients. Clinical decision-making and the
kidney transplant procedure could be enhanced by
combining the two methods, which, according to the
experimental results, are complementing algorithms.

According to Dovgan et al. [4], in order to ensure that
patients receive appropriate and accurate therapy, it is
crucial to be able to diagnose and forecast renal illness.
The results of traditional renal illness detection systems
are generated utilizing and/or mechanisms and if-then
rules applied to patient datasets. This innovative method
takes an input dataset and employs a neuro-fuzzy system,
a hybrid of a fuzzy system and a neural network, to
produce output. The new approach, which combines fuzzy
logic with neural networks, generates outcomes not from
probability theory but from mathematical computations.
The accuracy of results is typically better when they are
based on mathematical computations. An optimized

version of the ANFIS system, which is thought to better
collect valuable data, is showcased.

According to Sobrinho et al. [5], CKD is predicted in that
study by combining ANN with naive Bayesian
categorization. Compared to artificial neural networks,
Na-ive Bayes outperforms them in terms of accuracy. The
identification and investigation of renal disease make
extensive use of classification systems.

Data mining and its medical applications were shown on
the screen by Makino et al. [6]. From that point on, data is
gathered. When dealing with kidney disease, this has been
carried out. These findings demonstrate the usefulness of
data mining in healthcare and its potential to enhance
numerous medical applications. Determining the number
of groups in large datasets is an important aspect of the k-
means (KM) algorithm. The ADT Naive Bayes J48 renal
iliness dataset, which is tree-based, was examined.
Various machine learning algorithms (e.g., AD tree, J48,
K-star, Bayesian naive, random forest, etc.) analyze data
statistically and utilize algorithms to forecast the onset of
renal illness.

3. Problem Formulation

The patient's life is at stake, so using probability theory to
arrive at a conclusion would be a mistake. Predicting
probability theory using outcome-based algorithms, such
as statistical approaches, Bayesian classification, or
association mechanism prediction, will vyield false
findings. New methods for predicting the cause of renal
disease are a direct outcome of the reliability of the
findings. Predicting diseases should be essential for
improving hygiene and saving patients' lives. So

So far, it has been utilized to get findings in accordance
with technical standards; nonetheless, the precision of
these outcomes is far from satisfactory. Consequently,
medical technology becomes more efficient because the
demand for new technologies can be sensed more
accurately.

4. Proposed Work

Renal disease is a growing problem in an aging
population. Monitoring and prediction of renal disease is
very important so that patients can receive good and
appropriate treatment. Conventional systems are used to
detect the use of datasets in renal disease patients, and
whether to use the results of the presence or presence of
rules. The disad- vantage of using this tradition is the high
probability of getting more and more accurate results. Mis-
predictions of the disease can lead to patients losing their
lives. A new technique is proposed to predict and detect
renal disease from patient datasets. This new technique
uses two fuzzy systems and a neural network called a
neuro-fuzzy sys- tem, which is obtained based on results
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from an input dataset. This new system is a combination
of fuzzy systems that produce the results of mathematical
calculations, not a probabilistic neural network.
Mathematical calculations tend to produce results with
greater precision, thereby increasing the efficiency of the
system. The proposed system is to accurately predict the
development of renal disease.

5. Methodology
5.1. Fuzzy Model

Data is provided via fuzzy grouping in the form of an
important graph belonging to each group pattern. Unlike
other classification techniques, fuzzy modeling allows
human reasoning models to develop and manage data
despite technological ambiguity. Fuzzy logic's simplicity
and flexibility are its key features. In conjunction with the
conventional statistical model, a fuzzy system may
represent any complicated nonlinear function, and fuzzy
logic can handle cases with missing or erroneous data.
Because of its ability to offer a more transparent model
and its rule-based linguistic explanation, fuzzy modeling
is often preferred. Actually, developing rules that could
serve as informational clinical guidelines is one of the
many advantages of fuzzy logic. When it comes to
medical classification, various non-linear modeling
strategies rely on fuzzy models to display comparison
results..

5.2. Fuzzy C Means

Fuzzy ¢ in many algorithms fuzzy clustering analysis data
can be "fuzzified", but here only consider the fuzzy mean
of K mean, called fuzzy ¢ mean. In clustering, k means
that the cluster is not used to update the cluster center of
gravity, sometimes referred to as the c-mean, and is
suitable for the fuzzy version of the community by blurring
to the K-mean community. The fuzzy C-means algorithm
is also called FCM.

5.2.1. FCM Algorithm

1 One must first choose an initial fuzzy pseudo-
partition, which entails giving each wij a value.

2. Do it again.

3. Use the fuzzy pseudo-partition to get the centroid of
every cluster.

4. Find the Wij, which is the fuzzy pseudo-partition,
again.

5. as long as there is no change to the centroids

5.3. Artificial Neural Network (ANN)

For each tuple, the prediction network is compared with
each known tuple via backpropagation, which iteratively
processes the tuple training data set. For classification
issues, the target values can be continuous values

(predictions), or they could be well-known tag tuple
classes. When training a tuple, the weights are adjusted so
that the network’s prediction falls as close as possible to
the target value while minimizing the mean square error.
The reason behind the name "back propagation” is that
these adjustments are done in the "backwards™ direction,
meaning from the output layer all the way down to the first
concealed layer. In most cases, the learning process will
end when the weights converge, however this is by no
means guaranteed. Inputs, outputs, and mistakes are the
building blocks of the process. Still, if you get the hang of
it, there's really not much of a learning curve.

5.3.1.  Pseudo code for Backpropagation

Input: Dinput, a dataset including training tuples and their
corresponding goal values; output, a multilayer feed-
forward network; and learning rate, I.

Output: A trained neural network. Methods:

(1) Initialize all weights and biases in networks;

(2) While terminating condition is not satisfied {

(3) for each training tuple X in D {

(4) I/ Propagate the inputs forwards;

(5) for each input layer unit j {

(6) 0; = I;; Il output of an input unit is its actual input
value.

(7) for each hidden or output layer unit j {

(8) I; = X Wi O; + 0;erel compute the net input of unit

j with respect to the previous layer, i

9 j= : ;}//computer the output of each unit j

. —1.
i+e j

(10) // Backpropagate the errors;
(11) for each unit j in the output layer
(12) Err; = 0;(1 - 0;) (T; — 0;); computer the error
(13) For each unit j in the hidden layers, for the last to the
first hidden layer.
(14) Err; = 0,(1— 0;) X Erry Wy:/icomputer the error
with respect to the next higher layer, k
(15) for each weigh wi j in network {
(16)AW;; = (1) Err; 0; /lweight increment
ANw;; = W;; = +AW;; liweight update
(18) for each bias 6; in network {
(19)A 0;= (1) Err// Bias increment
(20)0; = 0; + A 0; ;//bias update
@D}

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(21s), 3168-3173 | 3170



6. Experimental Results

The MathWorks Matlab software is used for this
purpose. utilize MATLAB to work with data, functions,
and matrices; develop algorithms, design user
interfaces, and communicate with other languages'
programs. A combination of precise performance
measures and confused matrix grouping determines the
C-mixing experimental blur.

6.1. Dataset

The data set is retrieved from the UCI library machine,
which is considered the reference point. They are part of
the machine learning community that uses the ML
algorithm to empirically analyze database theory and
data production in the UCI machine learning library. In
the 1987 FTP file, David Aha and other UC Irvine
graduate students created the document. Students,
teachers, and researchers from all across the globe have
been using it since then, and it's a big reason why data
collection machines.

6.2. Fuzzy C Means

With its introduction by Ruspini and its extensions by
Dunn and Bezdek, the fuzzy c-means has found
extensive application in fuzzy clustering-clustering
(FCM) applications such cluster analysis, pattern
recognition, and image processing. It all starts with the
fundamental principle of K-Means K indicates whether
a data point is a member of a particular cluster or not,
while FCM assigns each data point a degree of cluster
membership.  Therefore, FCM employs fuzzy
partitioning to ensure that members range from 0 to 1
when they are capable of belonging to more than one
group. Nevertheless, FCM continues to employ the cost
function in an effort to partition the data set when
minimizing, with the degree of membership provided by
the degree of data points.

Permits a number between zero and one to appear in the
member matrix U.

When the algorithm detects that there is no further
improvement, it continues to iteratively process the
previous two conditions. Here are the procedures that
FCM follows when operating in batch mode to find the
cluster centers i and c as well as the membership matrix
u:

Step 1: To ensure that the requirement in Equation (1)
is met, initialize the membership matrix U with random
values ranging from 0 to 1.

Step 2: Calculate ¢ fuzzy cluster centers, Ci
i=(1...... ¢), using Equation (3).

Step 3: In accordance with Equation (2),

compute the cost function. Stop if it falls below a
predetermined threshold for improvement over the
previous iteration or if it falls below a specific tolerance
value.

Step 4: Calculate a new U using Equation (4). Go to step
2.

Because the initial value of the membership matrix
determines how well the FCM performs, it is advisable to
execute the method multiple times, with varying degrees
of data points belonging to the value each time.

Eidney data zet

Initialization
centroid randomly

'

Set the membership
fimetion

| P
Caleulate the fuzzy

cluster centroid

Praedichon of dizease

Figure 1 performance of proposed work
6.3. Fuzzification Score

For every value entered as a score in the associated table
of the query's contents, the algorithm determines the
fuzzy C meaning as the diffuse score. As the degree of
similarity to the string increases, so does the anticipated
score. If the fuzzy score is 1.0 or 0.9, then clustering is
extremely dangerous. The associated symptoms are less
affected or not at risk if the risk level is 0.0%. Each query
is scored by the individual, and FCM is separated into two
categories with the lowest and highest levels discovered
again with the results within the supplied range of values.
The user can enter the minimum and maximum risk
factors that are set to call the doctor and the base.
Determine the lowest and highest possible scores for their
limitations. As a result, FCM can offer three low-risk
scores: fuzzy average sub-risk, cluster-based outcomes,
and fuzzy scores for discovering high-risk results.
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6.4. Results

Clustering  |No of Sensitivity [Specificity |Accuracy
K-Means 450 92.33 03.47 92.33
K-Medoids 450 95.66 95.63 95.66

ANN 450 07.13 08.13 08.33
Fuzzy C 450 97.66 98.75 08.66
Means

PEPYYY

-

Figure 2 Objective function of Proposed Fuzzy C Means
Method

For every value entered as a score in the associated table
of the query's contents, the algorithm determines the fuzzy
C meaning as the diffuse score. As the degree of similarity
to the string increases, so does the anticipated score. If the
fuzzy score is 1.0 or 0.9, then clustering is extremely
dangerous. The associated symptoms are less affected or
not at risk if the risk level is 0.0%. Each query is scored
by the individual, and FCM is separated into two
categories with the lowest and highest levels discovered
again with the results within the supplied range of values.
The user can enter the minimum and maximum risk
factors that are set to call the doctor and the base.
Determine the lowest and highest possible scores for their
limitations. As a result, FCM can offer three low-risk
scores: fuzzy average sub-risk, cluster-based outcomes,
and fuzzy scores for discovering high-risk results.

7.Conclusion

In the proposed investigation, a projected association
FCM clustering algorithm was used to localize the
likelihood of maltreatment of patients with renal disease
into the collected patient data. With the correct adjustment
of the FCM classification, the strat- egy will effectively
develop the best associated varieties, find outliers and
traditional cases, and complete the initial preprocessing
information by removing all duplicate rec- ords and adding
missing data. In the classification phase, the FCM
classification is classified into information about the risk

level of renal disease. Clustering results on a pre- formed
information set obtained from 450 patients showed that the
FCM clustering algorithm accomplished higher accuracy
than most existing procedures. It turns out that the
expected performance of FCM is well known in terms of
accuracy.
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