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Abstract

Class imbalance is a common issue in real-world datasets, where there are relatively
few instances of the class of interest compared to others. The classifier’s performance is
highly affected by the impurities built-in with the data like imbalanced data, noise, and class
overlapping; therefore, an oversampling technique is proposed by fusing density-oriented
fuzzy-c means clustering and synthetic minority oversampling technique(DOFCM-SMOTE).
The density-oriented approach is intended to find outliers to address the performance issue.
The proposed method works in 3 phases: 1) It detects and eliminates outliers in the dataset,
2) It Assigns membership degrees to the given samples by fuzzy c-means clustering, and
3) It then applies SMOTE to the minority cluster to balance the distribution of classes. To
determine the performance, a decision tree classifier is employed as a learner. This study
was conducted on ten publicly available data sets with varying imbalance ratios(IR) ranging
from high to low. The findings of this study are centric on the process of clustering through
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which outliers are detected even before minority and majority class clusters are identified,
and a general pre-processing technique, to balance the distribution of classes. The introduced
approach is compared with four other oversampling techniques and the best balancing
algorithm is determined. The performances are accessed through AUC and G-mean, and
it was reported that the proposed technique significantly improved and outperformed the
other over-sampling methods.

Subject Classification: 68T05:Learning and adaptive systems in artificial intelligence

Keywords: Imbalanced-data, Oversampling, Density-oriented, Clustering.

1. Introduction

Problem Statement: In the last few years, data has become a vital component
in numerous real-world applications, but it often poses a significant challenge
when it is imbalanced. The Class Imbalance Problem (CIP) is the term used to
describe the situation when one class, referred to as the minority class is
substantially having fewer occurrences than the other class, known as the majority
class. Traditional classifiers often favor the majority class and have difficulty in
accurately classifying minority class instances. This challenge is exacerbated
when the dataset contains impurities, such as outliers, which are frequently
overlooked or dismissed as noise. Imbalanced classification is prevalent in fields
like biomedical analysis, text classification, fraud detection, outlier detection, and
information filtering, underscoring its relevance and impact.

Motivation: Addressing the issues[3] caused by imbalanced databases is
motivated by the growing significance of data in real-world applications. The
presence of imbalanced data adversely impacts the efficacy of machine learning
(ML) classifiers, thereby necessitating the identification of effective solutions.
Researchers have proposed various methods to tackle the CIP, broadly divided
into data level, algorithm level, and hybrid approaches. Each of these approaches
has its advantages and limitations. Data-level techniques involve balancing the
class distribution through either oversampling or undersampling. However, these
approaches come with trade-offs, as oversampling can inflate dataset size and
computational complexity, while undersampling may result in the loss of crucial
information. Algorithm-level methods modify the internal workings of classifiers,
but this can be a complex and timeconsuming process. Hybrid approaches aim to
combine the strengths of both data and algorithm-level techniques.

Innovation: This paper introduces an innovative hybrid approach called
DOFCM-SMOTE. It addresses noisy data and outliers using the DOFCM
algorithm. DOFCM operates within a fuzzy clustering framework and effectively
identifies and eliminates noisy data points or outliers, a task that traditional fuzzy
clustering algorithms struggle with. DOFCM, in contrast to the conventional
Fuzzy c-means algorithm, has the capability to detect data points that are far from
the core distribution of clusters, making it particularly valuable in imbalanced
datasets. After implementing the noise reduction step, the dataset is balanced
using the SMOTE approach. Synthetic minority class instances are produced by
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SMOTE by considering the k-positive nearest neighbor of the original instances,
avoiding random duplication of minority class data. Various SMOTE variants
like Fuzzy-SMOTE (FSMOTE) [32], CBSO [4], Borderline-SMOTE(BSMOTE)
variants  [15] [17], Safe-level SMOTE(SSMOTE) [6], K-means
SMOTE(KSMOTE) [23] based on [10] [11] [31], FF-SMOTE [21] are also
available.

This paper follows the structure: Section 2 reviews prior research on
addressing imbalanced data. Section 3 describes the proposed DOFCM-SMOTE
method. Section 4 presents the experimental results using benchmark datasets,
demonstrating the effectiveness of the proposed method. A summary of the study
and recommendations for further research are given in Section 5.

2. Literature Review

As discussed earlier, several [16],[29] to imbalanced problems have been
proposed in the literature. In this work, We adopted a data-level resampling
approach to balance the given dataset by adding through oversampling. SMOTE
is one of the famous oversampling techniques that has proven to be a benchmark
for solving imbalance problems. With this approach, synthetic minority data
points are created by oversampling the minor class.

However, SMOTE reduces over-fitting to some extent but does not work
well with noisy data as it can lead to an increase of noisy instances while selecting
the random points. Several modifications of SMOTE have been suggested to
address the issue of noise, which aims to combat the original algorithma€™s
flaws.

Han, Wang, and Mao [17] proposed BSMOTE in 2005 to enhance SMOTE
by generating new instances only at the borderline. This approach assumes that
instances near the class boundary are more likely to be misclassified. Minority
class instances are categorized into noise, borderline, and safe based on their
locality. However, BSMOTE's key limitation is that it oversamples only
borderline instances rather than the entire minority class, as SMOTE does.

Bunkhumpornpat, Sinapiromsaran, and Lursinsap [6] proposed SSMOTE,
which assigns a safe level to minority class instances before generating new
samples, based on their neighborhood. However, the definition of the safe level is
unclear and must be determined first.

Haibo et al. [18] proposed ADASYN, which focuses on hard-to-learn
minority instances to generate new samples, reducing learning bias from class
imbalance. The algorithm assigns weights to minority samples to create varying
amounts of new data, but it may sometimes produce undesirable results and fail to
assign appropriate weights.

Some notable work to handle the CIP has adopted clustering-based
oversampling methods [20], [21], [22] also. The first cluster-based oversampling
method was proposed as agglomerative hierarchical clustering[9]. The data sets
are categorized into smaller clusters using this procedure, and cluster centroids
are created as synthetic instances.

Barua et al. [4] proposed CBSO to minimize poor synthetic instance
generation. Inspired by ADASYN, it uses unsupervised clustering to confine new
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samples within the minority class, preventing overlap with the majority class and
isolating noisy instances. However, its weight assignment, based on majority
samples in k-nearest neighbors, may not always be optimal.

Easter et al. [14] proposed the DBSCAN algorithm, to identify clusters of
random shapes to handle the CIP. It oversamples the region with higher density
while the data points outside the cluster are considered outliers.

In 2012, Bunkhumpornpat, Sinapiromsaran, and Lursinsap [7] proposed
DBSMOTE, inspired by BSMOTE, to oversample overlapping and safe regions
using DBSCAN-based clustering. New instances are generated along the shortest
path to the pseudo-centroid of a minority cluster, avoiding noisy areas. However,
it tends to create more samples near the dataset's core rather than the border.

To overcome the limitation of ADASYN(poor distribution of generated
synthetic samples), Barua et al. [5] proposed ProWsyn in 2013. To ensure
equitable distribution of newly formed samples in the minority class, this
technique generates effective weights for the minority data instances based on
their proximity to the boundary.

In 2014, Lunardon, Menardi, and Torelli [24] a random oversampling
technique was proposed, ROSE, which mitigates the possibility of model
overfitting. It is based on the smoothed bootstrap approach for generating new
artificial data from the classes. It creates synthetic data based on the density
underlying the data, ensuring the data distribution is appropriate after balancing.

Tang and He [30] proposed Kernel ADASYN in 2015, an over-sampling
approach based on kernel density estimation to combat the CIP. An adaptive
resampling distribution is constructed to synthesize minority class data. Initially,
the distribution is estimated using kernel density estimation techniques and is
later adjusted by assigning weights according to the difficulty levels of different
minority class samples.

To address class imbalance, Nekooeimehr and Lai-Yuen [26] proposed
A-SUWO in 2016, using semi-supervised hierarchical clustering to group
minority cases. It identifies challenging instances near the boundary, determines
sub-cluster sizes based on misclassification error, and adjusts oversampling rates
via weighted instance assignment to prevent over-generalization.

In 2017, Douzas and Bacao [13] proposed SOMO. The initial data points are
divided into multiple clusters using a self-organizing map algorithm in this
approach. It is widely accepted because it creates two-dimensional maps using a
neural network and competing learning. Depending on cluster density,
distribution among the created clusters is modified.

In 2018, Last, Douzas, and Bacao [23] proposed KSMOTE, combining
k-means clustering and SMOTE to rebalance class distribution. It generates more
samples in key regions with many minority cases, clustering the entire dataset
regardless of class label density. While it helps prevent overfitting, it does not
account for noisy data points.

Vats and Sagar [31] explores how well K-means clustering works on the
Hadoop framework, testing different approaches like MapReduce, IEC-based
K-means, Mahout, and Spark. The results show that IEC-based K-means
improves with more iterations, while Mahout processes data faster than Spark.
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KFCM-SMOTE-SVM algorithm introduced by Huang, Zhang, and Yuan
[19] appends the kernel method into FCM and combines it with kernel SMOTE to
work with high-dimensional feature space. The kernel method was incorporated
to improve the quality of synthetic minority instances. Also, fuzzy logic has
collaborated with SMOTE. The objective of introducing the FCM-SMOTE
algorithm is to deal with uncertainties present in data.

This study introduces an innovative hybrid approach called
DOFCM-SMOTE for handling class imbalance, as it helps deal with uncertainties
underlying data, outliers, for instance. Our major goal is to increase the accuracy
of the minority class by removing outliers from the dataset and adding new
minority examples to balance out data distributions that are skewed. This
principle should be considered when determining the minority samples for
generating new synthetic samples, as well as the appropriate number of synthetic
samples to be produced for each minority instance.

3. Related Work

This section discusses the background information necessary for the
proposed study, along with a brief overview of the FCM clustering strategy, the
DOFCM approach, and the SMOTE technique which serves as the base for our
proposed method.

3.1 FCM

Fuzzy c-means, introduced by [27], is one of the most well-known fuzzy
clustering algorithms. This methodology incorporates the predetermined number
of clusters within the dataset prior to allocating the membership degree for each
cluster center, thereby facilitating the construction of the membership matrix. It
optimizes the objective function (Jpcp) as:

Jrem = =1 Dieq uipdiy [1]
where u; is the membership value of x; the data point for cluster 'k', and

dir = |lx; — vi || is the Euclidean distance of data point 'i' to its centroid of cluster
'k', which gratifies the given relationship:

YU =Li=12,..... n [2]

Here, m stands for the fuzzification factor and Jp¢y . Minimization of Jpcpy
is carried out by a fixed-point iterative approach referred to as the alternating
optimization technique. The FCM algorithm is sensitive to outliers even if it is
resilient since it gives noisy points and outliers equal membership. To avoid the
noise constraint, Possibilistic C-Means clustering(PCM) [22] was introduced for
reducing distance between data points and centroid. However, it is susceptible to
initializations, resulting in overlapping or identical clusters. To address the
notable limitations of the FCM algorithm, namely its susceptibility to noise, has
introduced noise clustering. Though it deems noise as a separate class, it still fails
to detect outliers between the centroids. Its main target is to minimize outliers'
influence rather than identify them. To overcome the problems of noise
clustering, DOFCM is proposed, which is discussed in the next section.



1710 S. SHARMA AND A. GOSAIN

Algorithm 1 DOFCM

Input: Dataset (X), iteration count, cluster count (K =c+ 1), and stopping
criteriaa €.

Output: The matrix for cluster centroid, vector for outliers, and matrix for
membership.

Outlier Identification:
1. fori=1,23,....n do

2: Find the counts of data points in each point's immediate vicinity. i.e.,
n‘ileighborhood

3 Select Nmax

4: Compute neighbourhood membership, M,ilei ghborhooa (X) for each point

5:  end for

6: Based on no of instances in X, a threshold value « is selected from whole range of

membership values in the neighborhood.
7:  Identify outliers with the given value of a.
Clustering Process:
8:  Find the initial centroid vy.
9:  Set all outliers' membership to zero after initializing the membership uyi.
10: for i =1,2,3,....max;ter do

11: Upgrade all centroids v, with equation

12: Upgrade all membership values uy; with equation [4]
13: Find objective function 0,

14: If E, < ¢, end; otherwise, Find E,, = max|0, — 0™|.
15: Else the valueis; n =n+1

16: end for

17: end of pseudo-code

3.2 DOFCM

The technique proposed by [28], known as Density-oriented Fuzzy
C-means(DOFCM), as demonstrated in Algorithm 1, seeks to reduce the effect of
noise in fuzzy clustering by detecting outliers before the clustering procedure. It
measures the density of a given data point based on its neighborhood. A data point
'i"'s degree of participation in dataset 'X' is defined as follows:

d(X) — n‘flei‘ihborhood [3]
max

The objective function of DOFCM is given below
1

Mi

neighborhoo

P i
2 k' L lf Mneighbourhood =2a

dj;\m-1
w = { Ziea(4) [4]

. i
0(zero); Mneighbourhood <a

In this way, DOFCM identifies outliers by alloting them zero fuzzy
membership so that it could not affect the locus of centroids.
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3.2 SMOTE

The extensively utilized oversampling method, SMOTE generates a
synthetic minority by interpolating between the candidate minority instance and
one of its K-nearest neighbors. It somewhat minimizes overfitting issue as it does
not generate new examples by replication, like random oversampling [16]. Rather
than selecting neighbors uniformly, they are randomly chosen based on
oversampling rate, defined by the ratio between the number of majority class
instances and minority class instances [15]. The steps of the SMOTE algorithm
are presented in Algorithm 2, adapted from [8],

Algorithm 2 SMOTE(T,N, k)

Input: Minority class examples T; SMOTE Rate N%; k is the number of
closest neighbors.

Output: S samples of synthetic minority class.

1 (*If N is less than 100%, generate the samples of smaller class*)
2 if N <100 then
3 Set the minority class's T samples at random.
4: T=(N/100) *T
S: N =100
6:  endif
7 N = (int)(N/100)
8 fori<1toT do
9: For i, find k closest neighbors and save in nnarray
10: while N = 0 do
11: nn = random(0,1)
12: for att =1 to num do do
Define att as the index of the feature/attribute
13: dif f = M[nn_arr[nn]][att] — M[i][att] Calculate the
difference dif f for the current feature
14: g = random(0,1)
15: Syn[new_indx][att] = M[i][att] + (g X diff)
16: for for
17: new_indx = new_indx + 1
18: N=N-1
19: end while
20: end for
21:

22: end of pseudo-code

The synthetic minority instances increase the total number of instances in
the minority class, thereby achieving a more balanced distribution of the dataset
depending upon the percentage of oversampling as shown in Figure 1. However,
it does not effectively handle noisy data, as randomly selecting points for
interpolation can amplify the noise level. Hence to tackle the noise problem,
DOFCM-SMOTE is proposed.
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(a) 60% of oversampling  (b) 80% of oversampling (c) 100% of oversampling

Figure 1
Oversampling using SMOTE Technique

4. Proposed Approach: DOFCM-SMOTE
4.1 Principle

We propose a hybrid algorithm, DOFCM-SMOTE, in this work as presented
in Algorithm 3, where we combine a clustering algorithm (DOFCM) and an
oversampling algorithm (SMOTE). The introduced algorithm precisely tackles
noise or outliers in a fuzzy clustering framework. DOFCM pre-processes the
dataset by eliminating outliers(based on a selected threshold value, a) even
before making clusters by considering the data points' density. Further, it uses the
FCM approach to create clusters, and then it uses SMOTE algorithm is used to
balance the distribution between the minority and majority classes. The principle
idea behind this approach is that in order to generate synthetic samples for every
point within a cluster, the surrounding area must include a minimum number of
points. The framework of the proposed model is shown in figure 2.

Imbalanced Dataset

h 2
Outlier Identification

using Density-based
Approach(DOFCM)

Clustering using Fuzzy
c-means(FCM)

Y Y
S

num=(n/100)*a
Generate Synthetic
samples using SMOTE
Technique

Apply Classifier

L
Balanced Dataset
_

Figure 2
Proposed model for DOFCM-SMOTE
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Algorithm 3: DOFCM-SMOTE(M, N)

Require: Number of minority class instances(M), percentage of oversampling(N)
Ensure: Balanced data(D)

Let P* be the set of minority class instances (positive instances).

forall i € P*

3:  Determine the neighborhood association of an instance i in dataset X.

N —

i
n .
i _ "*neighbourhood
Mneighbourhood(X) = n
max

4:  Identify and remove outliers as given in equation

5: After removing outliers, FCM is used to cluster given data into minority (Min)
and majority (Maj) class.

6:  Calculate how many points will be generated artificially.

n
n= (m) xXa
7:  Min [][]: Array of original minority instances

8:  Find the number of random instances from Min
9:  Syndata[][]: Array of synthetic instances.

10: repeat

11: for i < 1toR do

12: call SMOTE()

13: end for

14: Combine Syndata and Min and keep it in a balanced Dataset.

15: untilMin < Maj

16: procedure: SMOTE(M, K, N)

Require: Number of minority observations(M), Number of nearest neighbors(k),
percentage of oversampling(N)

Ensure: balanced MinClass(1m)

17:  Get neighbors (M, K) using euclidean based KNN approach

18: for i « M do

19: for j « N do

20: Select a set of neighbors at random

21: Evaluate the distinction between the individual neighbors and the
minority number feature vector.

22: Difference found will be multiplied by random numbers in range(0,1)

23: Then, it added back to feature vector

24: Store the current data points to Syndata

25: end for

26: return Syndata[ ][ |

27: end for

28: end of pseudo-code

4.2 Steps involved in the proposed algorithm: DOFCM-SMOTE

In traditional SMOTE, each sample has equal emphasis and would be
blindly resampled n times. In contrast, DOFCM-SMOTE utilizes the factor of
SMOTE and conducts oversampling for every minority sample based on its
locality in the feature space and density. Thus, DOFCM-SMOTE oversamples
each region in advance without modifying the total number of synthetic instances
to be created. The detailing of the algorithm is ellaborated in steps below:
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1.  We detect outliers prior to the clustering process to reduce noise sensitivity
in fuzzy clustering. The algorithm first determines the neighborhood
membership of point ‘i’ from ‘X’ based on the density of an object in its
local neighborhood which is measured using the following provided
equation below.

Let 'q' lies in proximity of point 'I', so 'q' should satisfy the following
conditions:"

{q € deiSt(i: q) = rneighborhood} [5]

where dis(i,q) is the distance between points 'i' and 'q', and denote the
neighborhood's radius.

2. A threshold value 'a’ is selected, depending upon the data set density. For
our case, this ‘a’ is set to 0.06(as per the density of the LBTF dataset). An
in-depth analysis of the dataset's density distribution revealed that a
threshold of 0.06 effectively distinguishes outliers from the main data
cluster. If the point's neighborhood membership is less than 0.06('a’), After
observing density, any value that falls outside the range of Myeignpornood
will be considered an outlier and can be selected, with the aim of minimizing
its distance from zero. Finally, outliers are removed based on the below
equation.

< a; outlier

M: .
> a; non — outlier

neighborhood = (

[6]
In our case,

outliers = (neiboury,e;, < 0.06)

3.  FCM algorithm is afterwards applied to the newly created data set (after
removing outliers from the real data set). It produces minority and majority
clusters based on fuzzy logic. As density-oriented approach
operatesindependently of the dataset's number of clusters, it does not
incorporate any parameters that could influence the outcome of the
clustering process, hence it was chosen randomly. Since our primary focus
is on oversampling, we concentrate solely on the minority cluster, leaving
the majority class unchanged.

4.  As the minority class is the most prevalent one, we try to incorporate
oversampling in the same class by taking into account the length of the
minority class and the rate of oversampling based on the dataset taken.

num(insgen) = (1100) X a [7]

5.  The feature difference between a minority class object and one of its
randomly chosen k-nearest neighbors is calculated to create a synthetic
instance. A random value between 0 and 1 is then added to this difference
for each attribute. The adjusted differences are added to the original
minority class object, producing a synthetic instance that is incorporated
into the training set. Finally, for each attribute:
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r < (0,1)
dif f « Xy — Xng
syn = Xy +dif f xr [8]

5. Methods for evaluating Performance

For assessing the performance of our proposed algorithm, appropriate measures
have been adopted while handling the class imbalance issue.

1. Confusion Matrix: It provides a tabular representation used to evaluate the
performance of a classification model.

2. Accuracy: It is calculated by dividing the total number of predictions
generated by the ML algorithm by the occurrences that were properly
anticipated.

TP+TN

Accuracy = —
y TP+FN+FP+TN

(9]

When classes in datasets are imbalanced, accuracy creates a misleading
impression of accomplishment [25].

3. ROC AUC: For each potential classification threshold, the True Positive
Rate (y-axis) is plotted against the False Positive Rate (x-axis) to create the
Receiver Operating Characteristic (ROC) curve.

1+TPrate—FPrate

ROC — AUC = 5 [10]
Precision(P) = (TPT:JFP) [11]
Recall(R) = (TPTFN) [12]
F1- score = (252) [13]

4. The geometric mean,G-mean, a measure of central tendency (3). It is
defined as follows:

G — Mean = VTPR » TNR [14]

E—é

data SHOTE-I

Imb-Friedman-ST

Figure 3
The KEEL software tool's setup
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6. Experiment and Discussion

In this section, we demonstrate the working and performance of the
proposed method, DOFCM-SMOTE. The experiment uses several benchmark
datasets from WEBSPAM-UK2007 and KEEL repository with varying IRs, as
shown in Table 1. All the analysis are performed using MATLAB Version 2021b
to produce the results, and KEEL Tool [2] is used for the comparative analysis.
This setup is shown in Figure 3. Firstly, the original dataset is divided into
training and testing sets using a 5-fold cross-validation procedure, which averages
the estimates from each fold. Next, we evaluate the proposed and other
oversampling methods using ten real-world imbalanced datasets with varying IR.
All experiments are conducted using the C4.5 decision tree as the base classifier.

Visualizing the imbalance ratios of Datasets
; | | | | |
Credit card _
. Guss WD
E Ecoli4 —
% Glas2 -
pre—
E Segment -
2 Yeas1 l
Iris0 ‘
LBTF l ; _ _ , ] ; ‘
0 20 40 60 80 100 120 140
Imbalance Ratio
Figure 4
Imbalance ratios of datasets
6.1 Dataset

Experiments are conducted on ten imbalanced datasets from
WEBSPAM-UK2007 [12] and KEEL dataset repository [1], with the IR ranging
from 2 to 128.87, as shown in Figure 4. The dataset size varies from a minimum of
150 data points to a maximum of 150780 data points, and the dimension ranges
from 4 to 138 as seen in Table 1. In this research, we examine only the two class
datasets: minority and majority.
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Table 1
Overview of the Dataset

S No.| Dataset | No. of Data Points | Dimensions | Minority Class % IR
1 |LBTF 3849 138 1122 2.43
2 |irisO 150 4 33.33 2.46
3 |yeastl 1484 8 28.91 2.46
4 |Segment0 2308 19 14.26 6.02
5 |Glass2 214 9 8.78 11.59
6 |Ecoli4 336 7 6.74 15.80
7 |Glass5 214 9 4.20 22.78
8 |Yeast5 1484 8 2.96 32.78
9 |Credit card 150780 31 490 118.12
10 |Abalone 4174 8 0.77 128.87
Table 2
Cutting-edge oversampling techniques
Terminology Description
SMOTE It creates new instances by randomly selecting points between a
candidate instance and its neighboring instances [8]
BSMOTE This technique oversamples all samples exists within the borderline [17]
Safe-level It finds the safe-level and generates a new instance closer to the minority
one [6]
AHC Undersampling using K-means and oversampling using agglomerative
hierarchical clustering [9]

6.2 Classification Performance

In our study, we compare the proposed algorithm, DOFCM-SMOTE, with
the four existing algorithms, namely SMOTE, BSMOTE, SSMOTE, and AHC on
ten real-world datasets. For the experimental setup, we use ten datasets of varying
IRs. The properties of the dataset are shown in Table 2. We have used the KEEL
Tool to analyze these five algorithms. We have considered AUC and G-mean
scores for the efficacy of our proposed algorithm as the outcome indicate, when
the IR increases, the biasness towards the majority class creates faulty results if
we have taken accuracy as the measure. Hence more precious metrics like AUC
and g-mean are taken to conduct this study. DOFCM-SMOTE calculates the
membership degree of each minority example to determine its association with
the minority class. Any membership degree lower than 0.06 (for the LBTF
dataset) is identified and removed by addressing the outliers present in the dataset.

The performance of this algorithm is recorded with 5-fold cross-validation
with different parameters like the number of neighbors selected, k, and the
oversampling rate a(may be varied as per the dataset), and the results are
collected repeatedly for further analysis.

The performance of any oversampling technique is highly impacted by the
noise present in the dataset, which is evenly shown by the given comparative
study. The effectiveness of the proposed algorithm in identifying outliers and
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oversampling the minority class is evaluated by analyzing -classification
performance using the same classifier across 10 different datasets. We have taken
the observation on both the training(tr) and testing(tst) dataset as shown in Table
3, 4, and It has been observed that the proposed method performs effectively
when IR is high, like in the abalone,yeast5, and credit card dataset. However, the
results are not that much improved with glass2, sement0, and iris datasets with
low IR. In the case of these datasets, the proposed algorithm behaves like other
oversampling techniques such as BSMOTE or SMOTE, as the IR of these
datasets was not that high. BSMOTE works well with the LBTF, yeastl,
segment( datasets, while the safe level-smote performed worst while considering
these mentioned datasets. The density-oriented fuzzy clustering approach,
considering the outliers already eliminated from the original dataset, presents an
enhanced framework for clustering data with unique attributes while addressing
the issue of class imbalance, as each cluster can better recognise local information
with a balanced class distribution. Hence, it can be concluded from the above
observation that the proposed method performed well with any dataset ranging
from high to low category.

AUC Scores
12
1
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0
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7. Conclusion

Data impurities like outliers are subjected to deteriorate the classifiers’
performance, evenly shown by this comparative study. This paper
proposed a hybrid approach, DOFCM-SMOTE, using oversampling
approach and clustering. The data was divided into minority and majority
sections using a fuzzy clustering technique after local density information
was taken into account to find outliers. The data distribution is then
balanced by increasing the amount of the minority cluster using an
oversampling method, ie, SMOTE algorithm. The classification
performance of 10 real-world benchmark datasets from publically available
repositories, is evaluated using AUC and G-mean scores as shown in
Figures 5, 6.1t is evident from our observations of the training and testing
datasets that the suggested method performs well on the datasets with
high IRs like the abalone,yeast5, and credit card dataset. We analyze the
proposed approach with traditional techniques such as; SMOTE, BSMOTE,
SMOTE, and AHC. The results indicate that the proposed method
surpasses existing approaches across most available datasets,
outperforming conventional techniques, especially considering a high
IR(often the case in real-world data). Furthermore, by creating more
minority training examples, the proposed approach expands the minority
class border and enhances the classifier performance on imbalanced
datasets.the proposed method improves the classifier performance on
imbalanced datasets by broadening the minority class boundary by
generating additional minority training instances. In subsequent work, we
intend to optimize oversampling techniques through exploring the
integration of more precise conditional input to generate minority
instances based on specific class labels or attribute values.
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