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ABSTRACT

As the size of mixed databases increases, challenges arise in improving the true positive rate. Several
critical issues such as missing values, attribute noise, and imbalanced classes substantially impact data
accuracy. High-quality input data becomes imperative to optimize classification algorithms, especially in
the context of imbalanced mixed data types. Thus, the optimization of classic machine learning models
becomes essential to ensure accurate predictions on imbalanced datasets. This study addresses these
challenges inherent in hemodialysis mixed datasets by proposing an enhanced ensemble classification
model incorporating optimal filtering and classification algorithms. A novel framework is proposed to
handle missing data with classes, feature ranking, and ensemble classification approaches to improve the
true positive rate and error rate on imbalance hemodialysis databases. Experimental results have
demonstrated that the proposed approach outperforms conventional techniques in terms of statistical

metrics.

Keywords: Imbalance Hemodialysis Dataset, Probabilistic Classification

Ensemble Learning Model.

1. INTRODUCTION

Data mining and machine learning heavily rely
on classification, the process of assigning items to

predetermined  groups according to their
characteristics.  This  essential  activity is
foundational to many real-world applications,

including medical diagnosis, picture and text
classification, among others. Unfortunately,
unbalanced data makes classification difficult, and
existing models aren't always accurate. One major
reason for this is that imbalanced datasets often
have under-represented and undervalued minority
classes, which can negatively impact the accuracy
of the model [1]. When the distribution of classes in
a dataset is not uniform, a typical problem in real-
world applications is class imbalance. In medical
diagnosis data, for example, there can be far fewer
cases of a particular condition compared to cases
without the disease. This disparity in data
distribution can cause biased findings, and current
models may fail to account for the minority class,
leading to poor performance [2]. Several
approaches, such as cost-sensitive learning,

, Support Vector Machine,

oversampling, and undersampling, have been
suggested to deal with imbalanced datasets.
However, these approaches aren't without their
flaws, and they frequently lead to overfitting or data
loss. They are also computationally expensive and
require a lot of resources. When one category has a
disproportionately high number of instances
compared to another, we say that there is a class
imbalance. This kind of skewed hemodialysis
dataset is commonly used in real-world applications
including medical diagnostics, credit scoring, and
fraud detection [3-5]. However, in cases of class
distribution imbalance, the numbers of instances in
each class are not drastically different, but there is
an uneven distribution of the classes. Overfitting,
skewed results, and inaccurate results can result
from wusing machine learning algorithms on
imbalanced datasets. Subpar performance and
skewed results are common outcomes when current
algorithms fail to account for minority classes in
imbalanced datasets [6]. One way to get the most
out of machine learning models is to employ
ensemble learning, which involves combining
many models into one prediction. This method has
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demonstrated  promising results in actual
applications, despite  being computationally
demanding and requiring large resources. To tackle
imbalanced datasets, various strategies have been
suggested, including deep learning and transfer
learning, in addition to traditional machine learning
techniques. These methods provide many
approaches to deal with the problem of biased
datasets in machine learning, and they've been
successful in the real world. There are several
oversampling methods to choose from, such as
adaptive  synthetic ~ oversampling, = random
oversampling, and synthetic oversampling [7].

Both binary and multi-class imbalanced
classification types can be effectively handled by
resampling techniques, including oversampling and
undersampling. The main benefit of these methods
is their independence from the underlying classifier.
According to the data, pre-processing is an
effective strategy for achieving a more uniform
distribution of classes in variables. The goal of
random oversampling is to achieve a more equal
distribution of classes by randomly replicating
instances from the minority class. While this
method is simple and easy to grasp, it may increase
calculation time and lead to overfitting. Creating
artificial members of the minority group using
methods like bagging and bootstrapping is known
as synthetic oversampling [8]. The task at hand and
the properties of the data will dictate which of the
two oversampling methods is most suited for
analysis. However, it has been demonstrated that
these resampling strategies effectively reduce class
imbalance in ML classification models.Predictive
model bias, overfitting, and metric
misrepresentation are some of the challenges that
can arise from hemodialysis dataset imbalances in
real-time machine learning systems. Oversampling
and undersampling are two sampling approaches
that can be used to even out an unbalanced dataset's
class distribution. However, these techniques also
carry the risk of information loss and an increase in
data noise [9]. Creating data samples of the
minority class wusing synthetic methods, like
SMOTE (Synthetic Minority Over-sampling
Technique), is possible; nevertheless, there is a risk
of overfitting and worse model performance.
Careful analysis and resolution of these difficulties
are critical for building and deploying machine
learning models in real-time applications. These are
among the most important problems with
imbalanced datasets in machine learning systems
that run in real-time.Important steps in preparing a
dataset for ML include cleaning it up, eliminating
noise, filling in missing values, and handling

attribute and class noise. Converting data into a
numerical representation, dealing with missing
values, and scaling features to the same range are
all possible steps in this process [10]. The term
"noise filtering" refers to the steps used to eliminate
or fix data instances that are inaccurate or
inconsistent, such as outliers or duplicates. This
step can be useful in improving the performance of
machine learning systems and preventing
overfitting. Incomplete or missing feature values in
dataset instances might lead to missing values,
while mistakes or discrepancies in dataset features
are referred to as attribute noise.

This could be the result of features that are
either inaccurately measured or reported or that
include unnecessary details. Eliminating
superfluous features, fixing data mistakes, or
rescaling all features to the same value can all help
reduce attribute noise. Traditional classifiers
commonly misclassify minority class instances
when faced with imbalanced learning, a
phenomenon observed in many areas of computer
science and finance [11]. This includes areas such
as fraud detection, software defect prediction, credit
scoring, and cancer malignancy grading.In binary
class imbalance, there is a clear dominance of either
the majority or the minority class. However, if the
minority group is crucial to the prediction system,
incorrect results or unreliable system performance
may occur. Class imbalance is a typical issue in
data mining, which can arise due to the ratio of the
majority and  minority classes.  Incorrect
categorization of uncommon occurrences, distinct
behaviors, or anomalous trends can lead to negative
outcomes. Attempts to artificially balance the data
may exacerbate the problem rather than resolving
it. New methods in healthcare, cybersecurity, IMS,
and software defect prediction can learn from
datasets and historical instances to forecast future
outcomes, thereby enhancing system performance.
Predictive systems have numerous potential
applications in fields including healthcare,
cybersecurity, and finance. Predictive analytics in
healthcare, for instance, can utilize regular patient
data such as blood pressure, heart rate, and blood
sugar levels. Since producing reliable predictions is
the primary objective of these systems, high-quality
datasets are of paramount importance. Balanced
and imbalanced datasets are terms used to describe
dataset quality. Accurate forecasts and enhanced
system performance result from a balanced
dataset.Computer systems can now autonomously
examine data wusing machine learning (ML)
techniques. To maximize the efficiency of ML-
based systems, enhancing the quality of datasets is
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crucial [12]. Methods at the data level modify the
distribution of classes by updating training datasets.
The data level technique employs two methods for
updating datasets: over-sampling and under-
sampling. Under-sampling removes outliers from
samples taken from the majority class to achieve
statistical parity, while over-sampling evenly
distributes outliers from the minority class by
randomly duplicating them. Traditional clustering
approaches cannot handle the massive amount of
data due to their complexity and processing
expense. The main goal is to increase the
throughput of existing clustering techniques with
minimal degradation in clustering quality.Because
it is possible to achieve high accuracy numbers in
these cases even if no instance of the minority class
is  correctly predicted, leading to the
misclassification of important class occurrences,
the accuracy measures used to evaluate classifiers
fail in these situations. Conventional classifiers
struggle to perform well on unbalanced data. To
tackle this, a number of approaches and
performance measures have been suggested. While
there is a lack of data for model learning, ensemble
approaches like boosting and bagging can improve
the performance of poor classifiers. Data-level
solutions, which often include resampling
approaches, are frequently utilized to improve
learning by balancing training datasets [13]. Such
methods are flexible and not dependent on the
classifier in use since they do not necessitate
alterations to the algorithms. The one-class learning
method relies on learning from a single class and
can be more easily implemented with resampling
techniques than the cost-sensitive learning method,
which requires a cost matrix for different types of
samples used in classification.This paper is
organized as follows: A thorough analysis of the
pertinent literature is presented in Section 2. The
suggested method is described in depth in Section
3. Section 4 offers the results of the empirical
evaluation of the proposed method. Finally, in
Section 5, the report wraps up by summarizing the
study's key findings and contributions.

Research Gaps:

1 One research gap in the field of software
reliability estimation is the need to incorporate the
dynamic nature of user experience and the learning
effect over time. While existing models consider the
fault detection rate and assume reliability growth with
the fixing of underlying faults, they often overlook the
impact of user familiarity and their ability to adapt to the
software. As users gain experience, they tend to develop
workarounds to handle situations that previously caused

failures, resulting in an increase in reliability over time.
However, current models do not explicitly capture this
phenomenon.

2. Moreover, software reliability models make various
assumptions related to fault detection rates, the location
of faults in the software and data space, and the testing
environment. These assumptions may not always hold
true in practical scenarios, leading to limitations in the
accuracy and applicability of the models.

3. Another research gap lies in the classification and
characterization of software reliability models. While
some models treat the software as a black box without
considering its internal structure, others, known as white
box models, explicitly incorporate the software's
architecture and module interactions. There is a need to
explore and develop more comprehensive and flexible
models that can effectively handle diverse software
systems and testing scenarios.

4. Additionally, there is a distinction between
parametric and non-parametric models in terms of the
interpretation and limitations of model parameters.
Parametric models assume that the parameters have
physical meanings and explicit ranges, while non-
parametric models lack such restrictions. Exploring and
comparing the strengths and weaknesses of these
different modeling approaches can provide valuable
insights for improving software reliability estimation.

2. RELATED WORK

To address the issue of class imbalance, ensembles
prove to be effective. An ensemble is defined as a
collection of classifiers that employ an aggregation
approach to combine their judgments for
classifying new input data [14-16]. The method
involves running the basic learner multiple times
with the training dataset to alter its distribution. The
resulting base classifiers are then concatenated to
create the final classifier for categorizing the testing
dataset. Decision trees, neural networks, and naive
Bayes are some of the alternatives for base
learners.Differentiating small classes from the
majority class becomes more challenging when
there are highly distinct patterns within each class
or when patterns overlap between classes,
especially in cases where the classes are very small.
In classes with a lot of overlap, there may be a
significant decrease in the proportion of minority
class samples correctly identified. A person's
sensitivity to class imbalance increases in direct
correlation with the degree of conceptual
complexity.The K-Nearest Neighbor (KNN)
method is an example of a lazy learner; it predicts
output based on training cases but discards the
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abstraction it learned from. However, if there is
bias in the training data, instances from minority
classes may be over- or under-classified due to their
rarity.Vapnik's Support Vector Machines (SVMs)
are among the most popular binary classifiers,
based on the concept of maximum margin.
Originally, they aimed to find the optimal
separation hyperplane with the largest margin in
linearly separable two-class issues involving
margin. By applying nonlinear functions to
nonlinearly separable issues, we can transform
them into high-dimensional feature spaces,
allowing linearly separable support vector machines
to be used in nonlinear scenarios [17].

For the purpose of classifying instances into a
small number of classes, decision trees utilize a
simple knowledge representation. The tree
consists of nodes representing features, edges
connecting those features to their values, and
leaves representing class labels. It becomes easy
to categorize test instances after constructing a
decision tree. Modeling a decision tree classifier
involves two steps: constructing the tree and
pruning it. In the first phase, the training set is
partitioned repeatedly using locally optimal
criteria until every partition contains tuples with
the same class label. After building the decision
trees, the next step involves pruning them to
prevent overfitting of the training dataset. Pruning
is performed based on the forecast of a lower
predicted error rate for hemodialysis when a
subtree is replaced with a tree leaf or its most
commonly utilized branch [18].

Decision trees require a battery of tests to
differentiate between majority and minority
classes when the data is skewed toward one or the
other. After analyzing the training samples
covered by each leaf's class label, a decision tree
is constructed, and the class with the highest
weight is selected. Undersampling was found to
be more effective than bagging in resolving
binary class imbalance. Accurate predictions are
achieved by using the Data Level approach and
improving the balance of datasets by class.
Prediction accuracy is enhanced through feature
extraction.

The EUSBoost ensemble classifier has been
shown to be the most successful approach in
rectifying class imbalance in medical diagnostics,
including malignant breast cancer diagnosis. The
severity of class imbalance, dataset complexity,
training data amount, and hemodialysis classifiers
all contribute to the binary class imbalance
problem.

The concept behind ensemble learning is to
construct numerous classifiers using the training
dataset, which are then combined to produce a
final judgment. It is understood that all classifiers
will make mistakes because they are trained on
different sets of data. However, it's not
necessarily the same samples of patterns that
different classifiers get wrong. Classifiers can be
broken down into their intrinsic error, bias error,
and variance using the  bias-variance
decomposition. Furthermore, the issue of merging
redundant ensembles is studied in connection with
the notions of bias and variance.

In practical settings, managing several classes
with unequal distributions poses difficulties. In
scenarios with more than two classes, the
procedures used to address two-class imbalance
won't work. Data-level solutions that alter the
class size ratio of two classes by under- or
oversampling the majority class and then
iteratively running the classification algorithm to
discover the optimal distribution don't work when
there are more than two classes. Algorithmic-
level solutions are employed to make algorithms
more biased in favor of the minority class.
However, adapting the algorithm becomes more
complicated when dealing with many minority
classes [19].

While undersampling could enhance classifier
sensitivity, it could lead to data loss. Therefore,
the study's goals and the dataset's characteristics
should be carefully considered when choosing the
optimal method. Classification modeling, by
distinguishing between common and rare
samples, is a practical way to handle the issue of
uneven class distribution. A critical factor in
determining the model's ability to deal with class
imbalance is the sample size. Expanding the
training set to a larger size can greatly enhance
the model's accuracy when looking for patterns in
the tiny class of hemodialysis [20].

Classifiers are already complicated, and within-
class imbalance adds further challenges, as a
single class may have subclasses or subconcepts
with different numbers of examples. Decision
trees typically examine the class label associated
with a leaf by analyzing the training instances it
covered and selecting the most common class.
Modifying decision trees may be necessary to
increase the accuracy of the categorization model.
Ensuring that smaller classes aren't excluded from
the learning process should be a top priority:
developing assessments that can distinguish
between large and small classes. Refining the
model by removing a branch that predicts a minor
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class is akin to carefully trimming a tree; it
produces a healthy leaf node with a distinct label.
One useful tool for dealing with classification
problems is the multi-layer perceptron (MLP)
trained using the backpropagation (BP) approach.
The exceptional classification and categorization
capabilities of the MLP result from its complex
neural network, composed of interconnected
layers of neurons. Each neuron in this network is
an integral component, linked to every other
neuron in the layers above and below it. While
some neurons in the input layer may not activate,
others are ready to take action [21].

Feature selection approaches are necessary to
handle imbalanced datasets [22], as imbalance
problems often involve high-dimensional data.
Instead of wusing independent hemodialysis
features, highly associated features should be
explored when adding features to imbalanced
datasets [23]. To handle small samples of
imbalanced datasets, a novel feature selection
metric called Feature Assessment by Sliding
Threshold (FAST) was devised [24]. An
imbalance in the relationship between feature
distributions based on the probability density
function can be addressed by unsupervised feature
selection based on the filtering technique [25].
Iterative feature selection using different sample
datasets enables the finding and ranking of
effective feature lists [26]. Optimal Feature
Weighting (OFW) and one-versus-one support
vector machines (SVMs) are two stochastic
techniques that can be employed to extract
optimal features from a high-dimensional,
imbalanced feature space [27].

Cost sensitivity serves as a feature weight,
determining which characteristics are included in
the Chaos Algorithm technique's feature selection
[28]. The -characteristics of the experimental
datasets dictate the best feature selection method
[4]. Under the data level method, training datasets
can be updated using sampling approaches. To
achieve statistical parity, under-sampling removes
outliers from samples taken from the majority
class, while over-sampling randomly duplicates
the minority class. If better results are desired
compared to utilizing only one sampling method,
combining algorithms and sampling strategies is
recommended [29]. However, because this
method uses original datasets, the training dataset
could be biased, and the subset of features that
emerges could be inappropriate for different
samples [30].Adaptive semi-unsupervised
weighted oversampling is one method for
sampling imbalanced datasets with overlapping

classes [31]. Another approach to handling
overlaps in  unbalanced datasets using
evolutionary fuzzy systems was suggested in [32]
as feature weighting. To avoid overfitting
problems, another study suggested using an
oversampling method with rejection to create
synthetic data for the minority class [33].
Addressing the issue of class imbalance, one
solution was proposed in [34] by combining
various ensemble approaches. A new strategy for
unbalanced biological dataset classification was
suggested in [35] with an ensemble of sampling
and two classification techniques (SMOTE,
Rotation Forest, and AdaBoost) [36].

Problem Statement:

Imbalanced mixed datasets, such as those encountered in
hemodialysis databases, pose significant challenges for
accurate predictive modeling due to missing values,
attribute noise, and class imbalance. Conventional
techniques often struggle to effectively handle these
issues, leading to suboptimal performance in
classification tasks. There is a pressing need for robust
frameworks that can address these challenges and
improve the accuracy of predictive models in the context
of imbalanced mixed datasets.

Research Objectives and contributions

To address the challenges inherent in handling
imbalanced mixed datasets, particularly in the context of
hemodialysis datasets.

To propose an enhanced ensemble classification model
incorporating optimal filtering and classification
algorithms.

To evaluate the effectiveness of the proposed framework
in improving the true positive rate and error rate on
imbalanced hemodialysis databases.

To compare the performance of the proposed framework
with conventional techniques using statistical metrics
such as accuracy, precision, recall, and F1 score.

The proposed framework offers a systematic approach
to handle missing data, perform feature ranking, and
apply ensemble classification techniques in the context
of imbalanced mixed datasets.

By incorporating optimal filtering and classification
algorithms, the framework aims to optimize accuracy
and reduce error rates in predictive modeling,
particularly for hemodialysis datasets.
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The experimental evaluation provides empirical
evidence of the effectiveness of the proposed approach
in outperforming conventional techniques, highlighting

its potential for improving classification accuracy in
medical diagnostics and other fields with imbalanced
datasets.

3. PROPOSED MODEL

Hemodialysis data

Numerical filtering H

Mixed data features

Categorical filtering

}

Ensemble Feature
ranking measure

MIChilG-FS

!

Ensemble KSVM o
classifier Hemodialysis local
Lognormal kernel neighbor estimator
based SVM based classifier
Performance metrics }
Figure 1: Proposed Model
The framework 1is designed to handle process. For classification tasks, the framework

hemodialysis datasets containing both nominal and
numeric attributes. It commences with pre-
processing steps, including data filtering to address
missing values and outliers. Attribute importance is
then evaluated using ensemble feature ranking

measures, which combine various ranking
techniques for comprehensive analysis. The
subsequent phase applies ensemble learning

strategies that utilize the results of the ranking

employs optimal support vector machines (SVM)
and density probability function-based k-nearest
neighbors (KNN) algorithms, leveraging SVM's
capability to find optimal hyperplanes and KNN's
density-based predictions. The models' performance
is evaluated using statistical classification metrics,
considering factors such as accuracy, precision,
recall, F1 score, and other metrics. Overall, this
framework offers an organized and robust approach
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to handling mixed datasets, encompassing effective
preprocessing, feature ranking, ensemble learning,
and accurate classification utilizing SVM, density
probability-based KNN, and statistical metrics for
evaluation as shown in Figure 1.

Filtering approach :

Input: Training dataset with missing values
Separate the dataset into two subsets:

- Training data: The subset of data without any
missing values.

- Missing data: The subset of data with missing
values.

For each nominal attribute in the dataset:

Calculate the mode (most frequent value) of the
attribute from the training data.

Replace missing values in the nominal attribute
of the missing data subset with the calculated mode.
For each numeric attribute in the dataset:

Calculate the mean of the attribute from the
training data.

Replace missing values in the numeric attribute
of the missing data subset with the calculated mean.
Class missing value prediction using eq (1)

P(x, |z, =k,6")P(z =

identifying the features that most effectively
differentiate the majority class from the minority
class.

Gini Index: The Gini index measures the
probability of an instance being incorrectly
classified based on the distribution of classes in a
node. It can help identify the features that provide
the most information for classification and is
commonly used in decision trees.

Chi-squared test: This analysis determines whether
two categorical variables are independent of each
other. It can be employed to identify the features
that significantly influence the class variable.
Mutual Information (MI): MI measures the amount
of information a feature contributes to the class
variable. It is frequently used in feature selection
algorithms to identify the most informative features
for classification.

Ensemble Feature ranking algorithm

P(z =k|x,0")= P(x,10)

Output: The dataset with missing values replaced
using modes for nominal attributes and means for
numeric attributes.

The missing values in the numeric attribute of the
missing data subset are replaced with the calculated
mean. This approach uses the average value of the
attribute to fill in the missing values, providing a
reasonable estimate.Finally, the paragraph mentions
"Class missing value prediction using eq (1),"
which suggests that a specific equation or algorithm
is used to predict missing values in the class
variable (the target variable to be predicted).

2.Feature ranking measures

Feature ranking is an essential step in
developing effective machine learning models for
imbalanced  datasets. To enhance model
performance and avoid overfitting, selecting the
most relevant features for imbalanced datasets is
crucial, especially when the majority and minority
classes are strongly imbalanced.
A variety of feature ranking measures can be
applied to imbalance datasets, including:
ReliefF: This feature selection algorithm assesses
the differences between the closest instances of the
same and other classes when determining the
significance of each feature. It is useful in

Function EnsembleFeatureRanking(Dataset, Class,
Corr_threshold)
Inputs:
Dataset: the imbalanced dataset
Class: the target variable
Corr_threshold: the correlation threshold for
identifying redundant features
Outputs:
Important features: the subset of important
features
Step 1: Calculate the Chi-Squared statistic for
each feature:
For each feature X in Dataset:
Calculate the observed
frequencies
Calculate the Chi-Squared statistic for
feature X
Identify the set of important features using a
threshold or statistical test
Step 2: Calculate the Mutual Information for
each feature:
For each feature X in Dataset:
Calculate the Mutual Information between
feature X and the target variable Class
Identify the set of important features using a
threshold or statistical test
Step 3: Calculate the Gain Ratio for each feature:
For each feature X in Dataset:
Calculate the entropy of the target variable

and expected

Class
Calculate the entropy of feature X given
Class
Calculate the Gain Ratio for feature X
Identify the set of important features using a
threshold or statistical test
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Step 4: Identify the set of highly correlated
features:
Calculate the correlation matrix between all
pairs of features
Identify pairs of features with a correlation
greater than Corr_threshold
Create a set of highly correlated features
Step 5: Combine the sets of important features
from the Chi-Squared Test, Mutual Information,
and Gain Ratio:
Create a set of important features from the
intersection of the three feature ranking measures
Step 6: Select the set of highly correlated
features from the set of important features:
Return the subset of important features.
End Function

highly correlated features from the set of important
features and returns this subset of important
features as  the  output. Overall, the
EnsembleFeatureRanking function systematically
analyzes the dataset and selects the most relevant
features for predictive modeling, considering both
their individual statistical properties and their
interrelationships.

3. Ensemble classification framework
SVM optimization with kernel function

The EnsembleFeatureRanking function is designed
to identify and select the most important features
from an imbalanced dataset for predictive
modeling. It takes three inputs: the imbalanced
dataset itself, denoted as Dataset, the target
variable, denoted as Class, and a correlation
threshold, denoted as Corr threshold, for
identifying redundant features. The function aims to
output a subset of important features, referred to as
Important features.Firstly, it calculates the Chi-
Squared statistic for each feature in the dataset.
This involves computing observed and expected
frequencies for each feature and deriving the Chi-
Squared statistic. The set of important features is
then identified based on a specified threshold or
statistical test.Next, the function calculates the
Mutual Information for each feature, measuring the
dependency between each feature and the target
variable Class. Similarly, it identifies the set of
important features using a threshold or statistical
test.In the third step, the function computes the
Gain Ratio for each feature. This involves
determining the entropy of the target variable Class
and the entropy of each feature given Class,
followed by calculating the Gain Ratio for each
feature. Again, the set of important features is
identified using a threshold or statistical test.In the
fourth step, the function identifies highly correlated
features by calculating the correlation matrix
between all pairs of features. Features with a
correlation ~ greater  than  the specified
Corr_threshold are considered highly correlated,
and a set of highly correlated features is
created.Subsequently, the function combines the
sets of important features obtained from the Chi-
Squared Test, Mutual Information, and Gain Ratio.
It creates a unified set of important features from
the intersection of these three feature ranking
measures.Finally, the function selects the set of

1. Ensemble classification framework:
a) SVM optimization with kernel function:
Function SVM_Optimization with Kernel(D,
sigma, n, c):
Inputs:

D: Number of dimensions

sigma: Parameter controlling the width of
the radial basis function (RBF)

n: Degree vector specifying the degree of
each variable in the polynomial

c: Coefficients vector for the polynomial
function

Output:
Kernel function for SVM optimization
Step 1: Compute the radial basis function
(RBF) term:

Compute P(x) = exp”(-(sigma”2)*(d1"2 +
... +dD”2)) where d1, ..., dD are input vectors

(Note: d172, .., dD”2 represent the
squared distances from the origin along each
dimension)

Step 2: Compute the normalization constant
term:

Compute B(d,
sqrt((2*sigma”2)N(cl+...4cD) / (c1! * ...
d1”nl * ... * dD*nD)

(Note: d1”nl, ..., dD*nD represent the
degrees specified in the degree vector n)

n) =
* cDI) *

Step 3: Compute the polynomial function
term:
Compute A(c) =P(x) * B(d, n)
Step 4: Return the kernel function: ker n(d)
=A(c)
End Function

Radial Basis Function (RBF): The first term,
represented by P(x), is a radial basis function (RBF)
that measures the similarity between pairs of input
vectors based on their distance from the origin. It
decreases exponentially as the distance between
vectors increases, and its width is controlled by the
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parameter sigma, which balances the tradeoff
between bias and variance in the SVM.
Normalization Constant: The second term, denoted
as B(d, n), serves as a normalization constant
ensuring that the kernel function is positive and
finite. It is computed using the multinomial
coefficient formula and is proportional to the
number of possible monomials of degree n in D
dimensions.

Polynomial Function: The third term, represented
by A(c), is a polynomial function of the input
vector x and the degree vector n. This term captures
the non-linear interactions between the input
features and enables the SVM to model complex
decision boundaries.

b) Local Probability estimator based KNN

Function Improved KNN(data set, test instance,
k neighbors):
Inputs:
data_set:
instances
test_instance: The sample for which the class
is to be predicted
k neighbors: The number of nearest neighbors
to consider
Output:
Predicted_class: Predicted class label for the
test_instance
Step 1: Compute the Euclidean distance
between test instance and each instance in the
dataset:
For each instance p in data_set:
Calculate the Euclidean distance using the
formula:
Euclidean_distance(p,

sqrt(X((pi - pj)*))

The dataset containing training

test instance) =

Step 2: Calculate the log normal likelihood for
the computed distances:
For each computed Euclidean distance:

Calculate the log normal likelihood using
the formula:

Log Normal Likelihood(distance) = In(1 /
(sqrt(2m) * o)) * e"(-0.5 * ((distance / 6)?))

where ¢ is the standard deviation of the
distances

Step 3: Select the k-nearest neighbors of the
test_instance based on the maximum Euclidean
distance and log normal likelihood:

Sort the dataset based on the computed
Euclidean distances and log normal likelihoods in
descending order

Select the top k instances as the nearest
neighbors

Step 4: Compute distance probabilities for the
selected k-nearest neighbors:
For each neighbor in the k-neighbors:

Compute the distance probability using the
formula:

Distance Probability(neighbor) = (1 /
V(@2m)) * | er(-0.5 * ((distance / 6)?)) d(distance) /
INI,

where N is the total number of attributes

Step 5: Compute class membership probabilities
for each class:
For each neighbor in the k-neighbors:
Compute the membership probabilities of
each class using the classifier

Step 6: Assign the class label to the test_instance
based on the highest probability:
Select the class with the highest probability as
the predicted class label for the test instance

Return the predicted class label

End Function

4.Experimental Analysis

This section presents experimental results to
evaluate our proposed framework in terms of
accuracy, precision, recall, and F-measure,
specifically on classification tasks on different
imbalance datasets. The chronic
disease(hemodialysis) dataset serves as an
invaluable tool for conducting comprehensive
analysis, identifying risk factors, building
predictive models, and gaining deeper insights into
the intricacies of chronic kidney disease. With a
total of 25 columns, the dataset comprises both
nominal and numerical attributes. The nominal
attributes encompass critical indicators such as
hypertension, diabetes mellitus, coronary artery
disease, appetite, pedal edema, anemia, and the
overall classification of CKD. Additionally, they
include the presence of abnormalities in red blood
cells, pus cells, pus cell clusters, and bacteria. On
the other hand, the numerical attributes provide
quantitative measurements for various blood
components, including urea, creatinine, sodium,
potassium, hemoglobin, and cell counts. They also
encompass essential factors such as age, blood
pressure, and blood glucose levels. By harnessing
this extensive repository of medical data,
researchers and medical practitioners gain a
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valuable resource to explore, comprehend, and
manage chronic kidney disease effectively.
Table 1: Hemodialysis dataset with mixed longitudinal datatypes and sparse null values.

Ld | Zage | Zbp | 4sg | Sal | 6isu | Zerbc| Spc | Gpec | 10:ba | 11:bor| 12:bu | 13:sc | 14:sod | 15 pot | 16:hemo| 17: pov | 18 wc | 1% rc | 20: b
| Nominal | Nominal | Nominal | Nominal | Nominal | Nominzl | Nominal | Nominal | Noming! | Nominal | Hominal| Hominal | Nominal | Nominal | Mominal | Naminal | Hominal | Nominal | Nominal | Nomina
1[0 48 80 | 0 normal - {nofpre.. nofpre.. (121 36 1.2 194 44 7800 52 yes
2| 7 30 0 ¢ 0 normal - [nofpre... nopre.. 18 0.8 113 3 6000 no
30 62 80 L2 3 normal normal [nofpre.., [nofre.., (423 R 18 9.0 kil 7500 no
i B L 1 R - 0 nomal Rbnormal{present nofpre. |17 56 (38 M 23 2 R B0 B9 yes
3o i 80 LR 0 normal - fnormal* [nofpre.., [nofpre.. (106 26 14 116 n 7300 46 n
b P il i L5 0 nofpra... |nomre... |74 I I S A I IV B £ 7600 {44 yes
716 ] 7l 01 0 normal - |nofpre.. nofpre.. (100 5 4 mM ¢ 124 ki no
8§ u 05 2 4 normal  fabnormal{nofpre... [nofpre.., (410 31 1.1 124 800 [5 ]
[ 5 m s p 0 normal - 3bnormal{present notpre.., 138 60 19 08 |3 %00 H# e
nmp 5w e R 0 abnormalzbnormaljpresent mofre., (700 107 ff2 14 |37 95 B A0 BT s
1| 50 60 NI 4 abnormaljpresent nofpre.. (490 55 M 04 B Yes
12 B L p 0 abnormz!jzonormaljpresent nofpre.. (380 60 13 42 s R 450 PR s
13 (12 ] 7l 1015 1 normal - (present nofre.. 208 72 2.1 138 38 7 % 12200 34 yes
14 3 ] 70 nofpre... |nomre... (38 86 40 |13 34 98 Vs
15 (14 B8 8 L p 1 normal - @bnormal{present present |17 90 M1 130 |64 58 16 000 28 |y
16 |15 40 80 L5 3 0 normal  [notpre... [nofre.. (76 162 |96 JC R X A i 000 28 |yes
17 (16 41 70 1015 [ 0 normal - {nofpre... |nofpre... (39 4 0 138 @4l (126 no
18 |17 41 80 nofpre... noore.., (114 7 NV N £ W A VA Vs
19 18 b0 10 JLs |0 3 normal  [nofpre.. nofre.. (263 27 1.3 135 43 127 k) 11400 |43 yes
A0 (19 62 il 05 | 0 abnormal{present notpre.., (100 Bl 16 10.3 0 N0 37 yes
A [ 6 80 L5 2 0 abnormalzonormalnofpre.., mofpre.. (173 148 P9 15 |51 |17 %00 P2 s
u 60 0 nofra... |nofre... 180 |6 43 we 2 B0 35 |yes
pX I Y S R I - 0 normal - Rbnormaljnofpre.., nore.. 9% 163 77 13 38 98 7B 34 s
B3 o@moom o 0 normal - {nofre... (nomre... no
LMW Ly 0 normal - [3bnormal nofpre... |present 50 4 1\ 4 Wi |3 800 HE s
%[5 b1 il .05 0 0 normal - {nofpre.. nofpre.. (108 75 9 4 52 99 ] 8400 37 yes
0% 72 L L0 |0 0 normal - [notpre.. nofre.. (156 45 24 34 116 0 10300 {4 yes
B [ B L p 4 normal - Rbnormaljnofpre... notpre.., (264 87 1 125 % w0 |l s
BB om 1B nopre., popre. |13 3L 14 | i

Table 1 presents the hemodialysis dataset, which
consists of mixed data types and missing values.
Upon examination of the table, it becomes evident
that many attributes exhibit sparse values. Both
numerical and categorical attributes within the
dataset have sparse null values, indicating the
presence of missing data points in these variables.
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Table 2: Hemodialysis Dataset With Mixed Longitudinal Datatypes And Filled Null Values.
n 1:id cage | 3:bp | 4sg | Sal | Gisu | Forbe | Bpec | 9:ba | 10:bgr | 11:bu | 12:sc | 13:sod | 14:pot [15: hemo| 16: pov | 17:we || 18:rc | 19:hin | 20: dm
Nominal | Nlgninal | Nominal | Nominal | Nominal | Nominal | Nominal| Mominal | Nominal | Nominal | Nominal | Nominal | Mominal | Nominal | Nominal | Nominal | Nominal | Nominal | Nominal | Nominal
1 |0 48 80 1.02 1 0 normal  [notpre... |nofpre... (121 36 1.2 135 35 154 44 7800 |52 yes yes
T 1 7 50 1.02 4 0 normal  |nofpre... |notpre... |99 18 0.8 135 35 113 38 6000 5.2 no no
3 2 62 80 2 3 normal  [nofpre... |nofpre... (423 53 1.8 135 3.5 9.6 31 7500 |52 no yes
4 3 48 70 1005 |4 0 normal |present |nofpre... |17 56 3.8 111 2.5 1.2 32 6700 3.9 yes no
5 |4 51 80 Ll 2 0 normal  |notpre... |notpre... (106 26 14 135 3.5 116 35 7300 46 no no
6 |5 il a0 1.0 3 0 normal  |nofpre... |notpre... |74 23 1.1 142 32 122 39 7800 44 ves yes
7 06 68 70 1.01 0 0 normal  [notpre... |nofpre... (100 M 24 104 4 124 36 9800 5.2 no no
8 |7 24 80 1015 |2 4 normal  [nofpre... [nofpre... 410 31 1.1 135 35 124 44 6900 |5 no yes
9 |8 52 100 1015 3 0 normal  [present [nofpre... |138 60 1.9 135 3.5 10.8 33 %00 |4 yes yes
w9 53 20 2 2 0 abnormal|present [nofpre... |70 107 1.2 114 3.7 9.5 29 i 37 yes yes
i1 (10 al 60 1.01 2 4 normal |present notpre... |490 3 4 135 33 9.4 28 o800 |52 yes yes
12 11 63 70 1.01 3 0 abnormal|present  |nofpre... |380 il 2.7 131 4.2 10.8 32 4500 |38 yes yes
13 12 68 70 1015 3 1 normal  [present |nofpre... |208 72 2.1 138 58 9.7 28 12200 34 yes yes
14 13 68 70 1020 0 normal ~ [nofpre... [nofpre... |98 86 4.6 135 3.4 9.8 41 9800 5.2 yes yes
15 |14 68 80 3 2 normal |present |present (157 90 41 130 6.4 5.6 16 11000 26 yes yes
16 (15 40 80 1.0 3 0 normal  |nofpre... |notpre... |76 162 9.6 141 4.9 7.6 4 3800 |28 ves no
17 |16 47 70 1.015 |2 0 normal  [nofpre... |nofpre... |99 46 2.2 138 4.1 126 41 9800 5.2 no no
18 (17 47 80 1.02 0 0 normal  [notpre... |notpre... (114 87 52 139 37 123 41 9800 5.2 yes no
19 |18 60 100 1025 [0 3 normal  [nofpre... |nofpre... |263 27 13 135 4.3 125 37 11400 #43 yes yes
20 19 62 60 1015 1 0 normal |present  |notpre... 100 31 1.6 135 3.5 10.3 30 5300 37 yes no
(20 ol 80 1.0 2 I abnormal|notpre... [notpre... |173 148 39 135 3.2 7.7 4 9200 3.2 yes yes
2 (2 a0 a0 1.02 0 0 normal  [nofpre... |notpre... |99 180 76 4.5 35 109 32 6200 3.6 yes yes
3 48 80 1.025 |4 0 normal  [nofpre... |notpre... |95 163 17 136 38 9.8 32 6900 3.4 yes no
u 3 21 70 DLE) S (1 0 normal  [nofpre... [nofpre... |99 46 1.2 135 35 15 41 9800 5.2 no no
5[4 42 100 1015 |4 0 normal  [notpre... [present (99 50 14 129 4 111 39 8300 4.6 yes no
6 (25 6l 60 1.023 |0 0 normal  [noftpre... |notpre... (108 73 1.9 141 3.2 9.9 29 8400 37 ves yes
7 (26 75 80 1.015 |0 0 normal  [nofpre... |notpre... (156 45 2.4 140 34 116 35 10300 “ yes yes
n |7 69 70 1.01 3 4 normal  [notpre... |notpre... 264 87 2.7 130 4 125 37 9600 4.1 yes yes
29 (28 75 70 102 1 3 normal  [nofpre... [nofpre... |123 |31 14 135 3.5 15 41 |980l] 5: no yes

Table 2 provides an overview of the hemodialysis
dataset after addressing sparse values through a data

values were addressed by utilizing a probabilistic

preprocessing approach. The approach involved

filling the sparse values in both numerical and

nominal attributes with the mean or mode of the
respective attributes. Additionally, missing class

Correctly Classified Instances
ncorrectly Classified Instances
Fappa statistic

Mean absolute error

Root mean squared error

Relative absolute error

Root relative sguared error

Total Number of Instances

=== Detailed Accuracy By Class ===

TP Rate FP Rate

0.976 0.000

1.000 0.024
Weighted Avg. 0.985 0.00%

=== cConfusion Matrix ===

a b <-— classified as
244 6 | a = ckd
0 150 | b = notckd

3

4

Preci
1.000
0.5862
0.98¢

94

-9683
.017
-1141
-6247 %
23.5649 %
00

W o oo om

sion

Recall

0.97¢
1.000
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98.5 %
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0.588 0.969
0.980 0.969
0.985 0.969

Figure 2: Proposed Ensemble Classification Model

ROC Area PRC Area
1.000 1.000
1.000 1.000
1.000 1.000

measure to fill in the gaps. As a result of this
preprocessing step, the dataset is now devoid of
sparse values, ensuring a more complete and reliable
representation of the hemodialysis data.

Class
ckd
notckd
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The classification results for the given dataset are
highly accurate, with 98.5% of instances correctly
classified and only 1.5% misclassified. Figure 2,
demonstrates the effectiveness of the classification
model in accurately predicting the classes of the
instances. Overall, these results highlight the
effectiveness of the classification model in
accurately predicting the classes of instances in the
Existing Ensemble Learning Model

=== Detailed Accuracy By Class ===

=== Confusion Matrix ===

a b <-— classified as
233 a7 | a = ckd
0 150 | b = notckd

/\YCDIIECtlY Classified Instances 383
Incorrectly Classified Instances 17

Fappa statistic 0.9113
Mean absolute error 0.042
Root mean sguared srror 0.1759
Relative absolute error 8.9607 %
Root relative sguared error 36.3268 %
Total Number of Instances 400

hemodialysis dataset. The high accuracy, along with
the detailed accuracy metrics and confusion matrix,
demonstrate the model's ability to discriminate
between the "ckd" and "notckd" classes with a high
level of precision and recall. These findings provide
valuable insights for understanding and managing
chronic kidney disease based on the dataset.

95.75 %
4.25 %

TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class

0.932 0.000 1.000 0.932 0.965 (086 B b 1.000 1.000 ckd

1.000 0.0€8 0.898 1.000 0.94¢ QEa15 1.000 1.000 notckd
Weighted Avg. 0.558 0.026 0.962 0.958 0.558 0915 1.000 1.000

Figure 3: Existing Ensemble Classification Model

The existing algorithm used for classification in this
scenario achieved an overall accuracy of 95.75%,
correctly classifying 383 instances out of 400. The
algorithm's performance is evaluated using various

metrics.
094
0.92
09
0.88 I
0.86
NB Logistic KNN

Figure 4 lllustrates A Comparison Of Abnormality
Between The Proposed Model And Conventional
Models(Accuracy).

The accuracy values represent the proportion of
correctly classified instances by each model,
reflecting their performance in predicting class
labels accurately. A higher accuracy signifies

Accuracy

B Accuracy

Proposed

Models for abnormality detection

superior performance in classification. According to
the findings, the Proposed model exhibited the
highest accuracy at 98%, indicating its superior
performance in accurately classifying instances.
Naive Bayes also demonstrated a commendable
accuracy of 95%, closely followed by Logistic
Regression with 93% accuracy. In comparison, K-
Nearest Neighbors achieved the lowest accuracy
among the evaluated models, reaching 90%.
1

0.95

09

Recall

0.85 === Recall
0.8

0.75

NB Logistic KNN Proposed

Models for abnormality detection

Figure 5: Illustrates A Comparison Of Abnormality
Between The Proposed Model And Conventional Models(
Recall)
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Recall, also recognized as sensitivity or the true
positive rate, quantifies the proportion of actual
positive instances correctly identified by the model.
Figure 5 highlights the model's capability to
accurately detect positive instances. According to
the provided recall values, the Proposed model
attained the highest recall of 0.976, indicating its
exceptional performance in correctly identifying
positive instances. Naive Bayes also exhibited a
high recall of 0.932, followed by Logistic
Regression with a recall of 0.912. In contrast, K-
Nearest Neighbors showed a relatively lower recall
of 0.84 among the evaluated models.

1

Logistic KNN

0.95

09
S 0.85
s O
0.8
0.75
0.7
NB

Figure 6: Illustrates A Comparison Of Abnormality
Between The Proposed Model And Conventional Models(
MCC)

mMCC

Proposed

Models for abnormality detection

The Matthews Correlation Coefficient (MCC) is a
metric that synthesizes true positive, true negative,
false positive, and false negative rates to offer a
comprehensive  evaluation of a  model's
performance. It considers the balance among these
rates and yields a score ranging from -1 to +I,
where +1 signifies perfect classification, 0 indicates
random classification, and -1 implies inverse
classification. Analyzing the provided MCC values,
the Proposed model attained the highest MCC of
0.969, signifying outstanding performance in terms
of overall classification quality. Naive Bayes also
demonstrated strong performance with an MCC of
0.915, followed by Logistic Regression with an
MCC of 0.868. In contrast, K-Nearest Neighbors
displayed a lower MCC of 0.814 compared to the
other models.

F-measure

1
0.98
0.96
0.94
0.92
0.9
0.88
0.86

NB Logistic KNN Proposed

Figure 7: Illustrates A Comparison Of Abnormality
Between The Proposed Model And Conventional Models(
F-Measure)

The F-measure serves as a metric that harmonizes
precision and recall to offer a well-rounded
evaluation of a model's performance. It represents
the harmonic mean of these two measures and
provides an overall assessment of the model's
capability to balance between accurately identifying
positive instances (precision) and capturing all
positive instances (recall). Assessing the provided
F-measure values, the Proposed model attained the
highest F-measure of 0.988, underscoring its
exceptional ability to balance precision and recall in
classifying instances effectively. Naive Bayes also
showcased a commendable F-measure of 0.965,
followed closely by Logistic Regression with an F-
measure of 0.946. However, K-Nearest Neighbors
displayed a comparatively lower F-measure of

0.913 among the evaluated models.

5. CONCLUSION

In this paper, an ensemble cluster-based
classification model to address challenges
associated with imbalanced datasets. In conclusion,
the proposed framework presents a comprehensive
solution for handling imbalanced mixed datasets,
with a specific focus on hemodialysis databases. By
incorporating optimal filtering, feature ranking, and
ensemble classification techniques, the framework
offers a systematic approach to address missing
data, optimize feature selection, and improve
classification accuracy. Experimental results
demonstrate the superiority of the proposed
approach over conventional techniques,
underscoring its potential to enhance predictive
modeling in medical diagnostics and other domains
with imbalanced datasets. Moving forward, further
research can explore extensions and refinements of
the proposed framework to tackle additional
challenges in predictive modeling and data analysis.

The experiments conducted on imbalanced
hemodialysis databases demonstrated that the
proposed model outperforms  conventional

techniques in terms of statistical metrics such as
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accuracy, recall, and the Matthews Correlation
Coefficient. The results indicate that the proposed
model achieved higher accuracy compared to other
models, correctly classifying instances with an
accuracy of 98%. It also demonstrated a high recall,
correctly identifying positive instances with a recall
of 0.976. The Matthews Correlation Coefficient
further substantiates the excellent performance of
the proposed model, with a value of 0.969.
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