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ABSTRACT Data mining and machine learning (DM & ML) approaches frequently face class imbalance
(CI) issues, especially in binary classification tasks when one class significantly outnumbers the other.
Due to their propensity to favor the majority class, traditional DM & ML methods may exhibit biases
due to insufficient oversampling and subpar performance in identifying instances of the minority class
where minority classes often carry critical importance. It consequently raises concern regarding algorithmic
fairness. To address CI difficulties, it is essential to increase the ability to identify different discriminatory
patterns in the data by creating a large number of test cases. The proposed approach aims to achieve more
fair and unbiased model performance. We provide CSRBoost, an ensemble learning method to tackle the CI
problem. Three essential methods are combined in CSRBoost: AdaBoost, undersampling, and oversampling.
To improve the model’s capacity for generalization and provide a representative and balanced dataset, this
approach provides the dynamic adjustments of clusters for sufficient granularity of the majority class in
a controlled manner. It holds dataset-relevant structure information. Thus, the various horizons within the
datasets remain unbroken. Besides, SMOTE and AdaBoost allow the model to adapt to complex boundaries
by enhancing data diversity and minority class representation. CSRBoost is a dependable solution for CI data
found in real-world classification tasks, as evidenced by its enhanced performance in handling imbalanced
datasets.

INDEX TERMS AdaBoost, class imbalance, clustering, ensemble learning, oversampling, random
undersampling (RUS), synthetic minority over-sampling technique (SMOTE).

I. INTRODUCTION
Unbalanced class distribution in a training data set poses
significant challenges when constructing an efficient data
mining and machine learning (DM & ML) model. This
issue is known as class imbalance (CI), and it is primarily
observed in binary classification problems. CI is prevalent
in many real-world applications, such as medical diagnosis
and cybercrime. In the context of CI, a particular class
represents a dominant number of samples, known as the
majority class. In contrast, another class has a minimal
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representative sample, known as the minority class [1], [2],
[3]. The minority class is the main class of interest in
DM & ML tasks. However, determining specific patterns
in the minority class due to its limited samples is more
challenging than in the majority class. Hence, it leads to
DM & ML algorithms being biased toward the majority
class, often neglecting the minority class altogether. As a
result, algorithms trained on CI datasets may not perform
effectively [2], [3], [4]. For example, a binary classification
problem where the minority class consists of 1,000 samples
and the majority class consists of 99,000 samples. Thus,
99.0% is the imbalance ratio. To reduce the error rate in
such a situation, the DM & ML algorithm may classify all
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samples into the majority class, which would result in a 1.0%
of the misclassification rate. Here, every instance belonging
to the minority class is critical and should be correctly iden-
tified, as overlooking these samples can lead to significant
consequences.

Numerous approaches have been introduced to address
CI issues. These techniques fall mainly into the following
categories: algorithmic and data-level [5], [6]. The literature
gives special consideration to data-level approaches, which
concentrate on preparing the unbalanced data sets before
building the classifiers. This is because classifier training and
data preprocessing tasks can be completed separately [7].
Resampling the unbalanced training data set prior to the
model training phase is the foundation of data preprocessing
techniques. It is possible to resample the initial unbalanced
data set by either undersampling the majority class or
oversampling the minority class [5], [6], [8]. Both approaches
aim to reduce the degree of imbalance, with a desire for
a more well-rounded training regimen to produce superior
outcomes. Both sampling techniques have been proven
beneficial in imbalanced conditions and are simple to use as
well as implement.

Therefore, a progressively undersampling method was
developed to decide how many samples should be eliminated
without losing valuable information [9]. Analogously, density
information of minority classes has been utilized to remove
samples from the majority class to mitigate the CI issue [10].
The relevant information of the majority class has been
extracted to construct the undersampling approach to assist
imbalanced data classification [11]. A convex-hull concept
has been adopted to propose a novel clustering-based
undersampling method for creating data sample partitions to
preserve the general pattern present in feature space [12].
Similarly, an adaptive clustering method has been introduced
based on dataset size and sampling characteristics to enhance
the efficiency of undersampling in the CI problem [13].
An equalization undersampling technique has been employed
to identify the instance contribution facts and retain the highly
contributing instances to stop the information loss due to the
undersampling approach [14]. A class-overlap issue of CI
data has been addressed by identifying the global similarity
of datasets through the Schur decomposition-based under-
sampling method [15]. The metaheuristic-based optimization
method has been adopted to determine an optimal subset from
the majority class to handle the CI issue [16]. The literature
indicates that the various undersampling approaches have
functioned on the majority class samples to match the class
distribution with the minority class. In this process, they
attempted to maintain the general trend of feature space or
data representation. As a result, shorter training times have
been achieved through undersampling approach but at the
expense of potentially losing valuable data. It affects the
classifier’s performance since it creates a biased sample,
leading to underfitting. Consequently, concern regarding
algorithmic fairness grows.

Conversely, oversampling preserves all of the information
from the original dataset by retaining each example in the
resampled data. Depending on the oversampling strategy,
the resampled dataset either includes duplicates or newly
generated minority class samples. By randomly interpolating
pairs of closest neighbors in the minority class, synthetic
minority oversampling technique (SMOTE) [17] introduced
additional synthetic minority class examples. However, the
over-generalization in SMOTE generates noisy samples, and
the classes overlap near the class borders. As a result,
it affects the performance of various classifiers. Thus, various
variants of SMOTE have been reported in the literature.
Recently, range-controlled SMOTE enhance the sample
generation process by managing the data space [18]. The
imbalanced dataset of regression tasks has been resolved
by developing geometric SMOTE to improve the prediction
of continuous values [19]. k-nearest neighbour (kNN)
oversampling method identifies crucial and secure locations
for augmentation and creates synthetic data samples for
minority classes [20]. SMOTE requires exploring the kNNs
to develop synthetic instance. Most of the SMOTE variants,
like [21], [22], attempt to resolve the issue of determining
the nearest neighbors of samples to solve the CI problem.
The literature indicates that SMOTE is one of the most
popular methods for balancing datasets. Besides, the various
oversampling approaches have functioned on the minority
class samples to match the class distribution with the majority
class. It improves the capability of DM & ML models to
generalize and accurately predict minority classes. However,
oversampling necessitates more training time since it expands
the size of the training set. Additionally, because it replicates
minority class examples, it frequently results in overfitting,
and hence, algorithmic fairness is a major concern.

Boosting is an additional method to improve classifica-
tion performance. Boosting is sometimes described as an
improved data sampling method. Unlike many data sampling
algorithms designed specifically to solve CI, boosting
improves the performance of any weak classifier, regardless
of data balance [2], [23], [24]. To enhance, ‘‘reweighting’’
or ‘‘resampling’’ is applied on misclassified instances. Each
iteration’s model is then created using the resampled data.
A strong model with enhanced generalization capabilities
results from this iterative approach [23], [24]. The most
popular boosting method, AdaBoost (Adaptive Boosting)
[25], iteratively creates an ensemble of models.

Recent advances in deep learning (DL) have enabled
achieving success in various real-world applications. Thus,
a detailed analysis between DL architectures and CI data
sets has been performed to explore their relationship [26].
Similarly, the impact of various sampling methods has been
studied using numerous DL architectures to analyze the
performance of the CI dataset of network intrusion detection
systems [27]. Also, various DL algorithms have been exam-
ined under diverse disease CI scenarios through handwritten
medical discharge notes [28]. A novel convolutional neural
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network (CNN) learning approach has been proposed to
tackle the CI learning problem to improve performance [29].
Also, a modified CNN framework has been developed to
handle the CI issue in medical imaging [30]. A more realistic
dataset has been synthesized from the original dataset
using the modified generative adversarial network (GAN) to
address the issues of the traditional oversampling method
for power systems [31] and other benchmarking standard
CI datasets [32]. The literature indicates that the DL model
shows notable performance volatility on the test dataset and
poor generalization. This is observed due to the unstable gra-
dient updates during the training phase, whichmakes it harder
to balance trade-offs between varying distributions of classes.

Above literature informs that various clustering approaches
have been adopted for undersampling, among which k-means
clustering stands out for its simplicity [2], [24]. For example,
in CUSBoost [33], the k-means clustering approach has been
applied to the majority classes as an undersampling approach.
A similar type of work was observed in [34] and [35]. How-
ever, the challenge of choosing an appropriate ‘k’ value of the
k-means clustering approach has not been addressed, despite
extensive research involving a variety of CI datasets over
the years. To comprehend its link and overall influence on
classifier performance, the proportion of clustering inside the
majority class compared to the minority class distribution has
also been methodically investigated. Through this technique,
we canmeasure the degree towhich the clusteringmechanism
aligns with the minority class’s decision boundary while
maintaining the majority class’s structural variety. By exam-
ining this percentage, we aim to clarify the relationship
between the degree of clustering and the resampling balance,
emphasising its impact on the classifier’s learning dynamics
and the generalisation performance that results. Besides,
artificial oversampling techniques have proven to be effective
in correcting CI datasets. However, concerns over algorithmic
fairness are increasing since it has been demonstrated that
data-driven algorithms produce biases. This problem arises
because themajority class distribution is not consideredwhile
building synthetic instances. Building many test cases aims
to increase the capacity to recognize various discriminatory
patterns in the data, leading to more impartial and equitable
model performance.

In this article, we propose a unique hybrid technique,
CSRBoost, that combines sample resampling and ensemble
techniques to enhance the performance of models trained
on CI datasets. CSRBoost is a boosting model framework
that addresses CI by combining random undersampling with
SMOTE. It constructs the clusters in the majority class
based on minority class instances. To improve the model’s
capacity for generalization and provide a representative
and balanced dataset, this approach provides the dynamic
adjustments of clusters for sufficient granularity of the
majority class in a controlled manner. It holds dataset-
relevant structure information. Thus, the various datasets
horizons remain unbroken and preserve the local distribution
pattern. It operates random undersampling to locate the

representatives from clusters developed in the majority class.
It reduces the data distribution issue and improves the
classifiers ability to detect instances of minority classes.
By reducing duplication in the majority class, this technique
creates distinct training subsets, enriches the solution space,
and prevents bias towards the majority class. After clustering,
number of instances in majority and minority class may vary.
Then, it employs SMOTE to redefine the class definition. The
basic classifiers are trained on these diverse subsets, and in
subsequent iterations, the model is improved iteratively by
focusing on misclassified cases through boosting. CSRBoost
combines these classifiers with boosting to create a robust and
effective final model that can handle highly unbalanced input.

The structure of the paper is as follows: Section II presents
the theoretical foundation of resampling techniques and
Adaboost, as well as providing a detailed discussion of the
proposed method. Section III presents the experimental setup
and the CI dataset, enabling a comprehensive analysis of
the results. Finally, research contributions are highlighted,
and the conclusions drawn from findings are summarised in
Section IV.

II. THEORETICAL BACKGROUND
This section introduces the basic concepts of SMOTE,
random undersampling, and AdaBoost. The fundamental
concepts of each technique are first explained, providing an
application viewpoint. The proposed hybrid approach, i.e.,
CSRBoost method, which integrates these methods to solve
class imbalance more effectively, is then presented.

A. SYNTHETIC MINORITY OVER-SAMPLING TECHNIQUE
(SMOTE)
The SMOTE is a widely used method for addressing CI
in datasets [17]. SMOTE improves the effectiveness of
classification algorithms on unbalanced data by balancing the
class distribution by producing synthetic instances instead of
merely replicating minority class examples. Thus, it lowers
the chances of overfitting. As a result, models are better at
identifying important trends and generalizing them [2], [5],
[6], [24]. The algorithmic steps of the method are as follows:

1) Find instances that belong to the minority class: Con-
sider the CI datasetD of size N (Nmaj + Nmin) with Xmaj
(instances from the majority class) and Xmin (instances
from the minority class). Thus, D is represented as
{(Xi,Yi)}Ni=1. The objective is to generate synthetic
samples to increase the number of Xmin instances.

2) Choose the closest neighbours: Euclidean distance
based KNN applied to each instance xi ∈ Xmin to find
the closest neighbours (CN). A set of KNNs for xi can
be represented by CN(xi).

3) Create synthetic data: By choosing one of the CNs,
xCN , and interpolating a new point between xCN and
xi, a synthetic instance xsys is created. To ensure that
xsys is located on the line segment between xCN and xi,
random number generator η ∈ [0, 1] is used. Thus, the
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expression is given as:

xsys = η × (xCN − xi) + xi (1)

4) Repeat: This operation is repeated to balance the
distribution of classes until the number of Xmin
instances is raised to the required level.

The dataset is now balanced after executing the above
step; classifiers can focus on the Xmin to better detect rare
but important patterns, resulting in improved F1 scores and
recall [2], [5], [6], [24]. Consequently, several application
domains accept SMOTE to resolve CI problems. It is
used in conjunction with several classification processes.
Additionally, several studies have demonstrated that SMOTE
is superior to alternative oversampling techniques due to its
adaptive resolution of the CI problem [18], [19], [20], [21],
[22]. Besides, the KNN operated in SMOTE may be far from
the target point in high-dimensional datasets, resulting in
interpolation and the creation of xsys that may not be suitable
for classification. Because SMOTE requires CN calculation,
it can be computationally costly for large datasets [2], [5], [6],
[18], [19], [20], [21], [22], [24].

B. RANDOM UNDERSAMPLING (RUS)
RUS is one of the most often used data sampling methods,
mainly because of its ease of use. In contrast to more intricate
data sampling methods, RUS does not try to ‘‘intelligently’’
eliminate examples from the training data. Rather, RUS only
randomly eliminates examples from the dominant class until
the intended class distribution is reached [36], [37]. The
algorithmic steps of the method are as follows:

1) Find size of Xmin: Consider the CI dataset D with the
objective of finding the size Nmin of the Xmin instances.

2) RUS for Xmaj: Choose Nmin samples randomly belong-
ing to Xmaj without replacement to create a subset X̄maj.

3) Create balanced dataset: Combine X̄maj and Xmin
instances to form a balanced dataset D̄.

RUS is simple to use and computationally cheap compared
to more intricate sampling techniques. Greatly cuts down
on training time by reducing the amount of the dataset.
Limiting the Xmaj may improve the generalization of
models in situations where the Xmaj controls the decision
boundary [36], [38], [39], [40]. However, RUS eliminates
potentially significant data from the Xmaj, which may hinder
the model’s generalizability. Because sample selection is ran-
dom, the outcomes of RUS can differ significantly between
runs. Thus, ensemble techniques like Adaboost mitigate these
issues due to their working principles [36], [37].

C. ADABOOST
AdaBoost’s primary concept is to modify the weights of the
data points incorrectly classified by classifiers in the previous
iteration. As a result, these challenging examples receive
greater attention from the following classifiers. Because each
time, a classifier is learned based on the performance of
those already taught. Although it may also be applied to

multiclass issues, it is most commonly employed for binary
classification jobs. The main purpose of the potent ensemble
learning method is to enhance the performance of weak
classifiers [25]. The algorithmic steps of the method are as
follows:

1) Weights (wi(1)) initialization: Consider the binary clas-
sification problem dataset D = {(Xi,Yi)}Ni=1. Initially,
for each xi, wi(1) =

1
N .

2) Weak classifier (hz(x)) training: To minimize the error
εz, hz(x) is trained on the weightedD in each iteration z.
If the hz(xi) classifies correctly, the function ȷ () returns
0; otherwise, it is 1. This can be calculated as

εz =

N∑
i=1

wi(z) · ȷ (yi ̸= hz(xi)) (2)

3) Classifier weight (αz) calculation: Determine the
classifier’s αz, which indicates its importance, after
training hz(x). More accurate classifiers are assigned
better weights as the εz decreases and αz increases
simultaneously.

αz =
1
2
ln
(
1 − εz

εz

)
(3)

4) Update w: For the next hz+1(x), the wi(z) of the mis-
classified xi are increased to highlight the challenging
instances. The ϱz (normalization factor) is used to
update the new wi(z+1) for each xi as follows:

wi(z+1) =
wi(z)
ϱz

×

{
e−αz if ȷ (yi = hz(xi))
eαz if ȷ (yi ̸= hz(xi))

(4)

5) Final classifier (H (x)): It is the weighted sum of the
(hz(x)). It is expressed as follows:

H (x) = sign

(
Z∑
z=1

αzhz(x)

)
(5)

To effectively handle noisy and complex data distri-
butions, each z gives more w to cases that are difficult
to classify. AdaBoost significantly improves performance
by transforming h() into H () with only slightly higher
performance than random guessing. Because AdaBoost
doesn’t require adjusting a lot of hyperparameters, it is
relatively simple to utilize compared to other ensemble
algorithms. It can be applied to weak learners, such as
decision trees and perceptrons. Compared to other ensemble
methods, AdaBoost is less likely to overfit, especially when
using simple weak learners like decision stumps. AdaBoost
may be problematic when working with noisy data or outliers
because of its propensity to overemphasize noisy or erroneous
samples by assigning larger weights to misclassified cases.
The method might need many iterations or boosting rounds
to perform well, increasing processing costs and making
the model more complex. AdaBoost may only provide a
significant performance boost if the weak classifiers are
straightforward and operate almost arbitrarily because it
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FIGURE 1. Proposed CSRBoost method for class imbalance problem.

depends on bolstering weak learners. Training many weak
classifiers can be computationally demanding, especially for
large datasets, although it is usually less computationally
demanding than methods like random forests or gradient
boosting [41], [42].

D. CSRBOOST METHOD
To deal with the common issue of CI in supervised learning
tasks, the CSRBoost approach has been developed. CI refers
to the unequal distribution of data across classes, often lead-
ing to the model performing poorly in the Xmin. CSRBoost
attempts to address this problem by integrating boosting via
AdaBoost, cluster-based undersampling, and oversampling
through SMOTE into one ensemble learning framework as
shown in Fig. 1. CSRBoost algorithm applies intelligent
dataset rebalancing with two-step resampling before model
training. A cluster representative sample among the majority
population is created to apply selective undersampling
after minimizing redundancy. As a result, SMOTE, which
supplements feature space devoid of overfitting risk through
sample creation (pseudo-sample generation), can intervene.
After resampling, CSRBoost applies AdaBoost, a widely
used boosting approach that changes sample weights on
training rounds to focus on harder-to-classify events in
subsequent rounds. The model’s generalization ability in
both classes is strengthened with this repetitive attention.
Algorithm 1 captures all of CSRBoost’s processes. Balanced
classification results, especially with unbalanced datasets,
are attributed to the optimal combination of the well-
defined pipeline’s thorough representation of Xmin and Xmax
samples during the training phase. The detailed discussion of
CSRBoost is as follows:

1) CLUSTERED UNDERSAMPLING OF THE MAJORITY CLASS
Consider the binary classification CI dataset D of size N
with Xmin and Xmax samples. Initially, CSRBoost identifies
and separates Xmin and Xmax samples before attempting

Algorithm 1 CSRBoost: Clustered Sampling With Resam-
pling Boosting for Imbalanced Dataset Pattern Classification
Input: Base estimator hz(), number of clusters nclusters

(optional), number of estimators nest , number of neigh-
bors k , random state r , clustering percentage p

Output: Ensemble classifier H
1: Initialize AdaBoost classifier with base estimator hz()

and nest
2: Identify Xmin and Xmaj from training data
3: Determine Nmin, Nmaj, and nclusters (if not provided using

Eq. 6.)
4: Apply K-Means clustering with nclusters on Xmaj
5: For each cluster, randomly under-sample Xmaj samples
6: Combine Xmin with the under-sampled Xmaj samples to

form (X ′, y′)
7: Re-identify new minority class X ′

min and new majority
class X ′

maj in (X ′, y′)
8: Apply SMOTE on X ′

min to balance with X ′
maj

9: Train AdaBoost classifier on the balanced dataset
10: return Ensemble classifier H

to target resampling. To maintain the intrinsic structure of
the data, CSRBoost employs a cluster-based undersampling
methodology, whereas traditional random undersampling
techniques risk losing important Xmax samples. Two core
steps are to organize and maintain the structural diversity
of the Xmax while systematically reducing its predominance
during the cluster-based undersampling process:

1) Cluster formation: K-Means clustering [43] is adopted
to classify Xmax samples into distinct categories. This
unsupervised algorithm clusters similar samples based
on proximity in the feature space to minimize intra-
cluster variabilities. The number of clusters nclusters are
formed either

• Predefined by the user, or
• The creation is based on the size of minority
class and dynamically adjusted using the following
formula:

nclusters = max
(
1,

p
100

× |Xmin|
)

(6)

where p represents the clustering percentage
parameter (defaulting to 100.0%), and |Xmin| is the
cardinality of the Xmin.

The dynamic adjustments ensure that the correct
nclusters is established according to the imbalance
ratio. It provides sufficient granularity for the Xmaj
and avoiding excessive fragmentation. CSRBoost’s
use of K-Means clustering lays the foundation for a
smarter undersampling algorithm by recognizing and
preserving the local data distributions of the Xmaj.

2) Cluster-level undersampling: To obtain a reduced
majority subset Xsub_maj, roughly half of the samples of
each cluster are randomly selected for undersampling
after the clusters have been created as discussed in
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Section II-B. A intermediate dataset D′ = (X ′, y′) is
produced at the end of this step and it is expressed as:

X ′
= Xmin ∪ Xsub_maj (7)

This localized sampling ensures that any region of the
feature space occupied by the Xmaj will be represented
proportionally. Unlike global random undersampling,
where randomly removing samples might lose impor-
tant information, major and potentially anomalous
patterns are less likely to be discarded prospec-
tively from each cluster. By holding structure-relevant
data points while keeping the decision boundary
between classes intact, this cluster-aware undersam-
pling method improves the quality of the resampled
dataset. The next step of CSRBoost employs SMOTE
and operates onD′ to further balance the classes before
training the model.

2) MINORITY OVERSAMPLING WITH SMOTE
The class distribution in the D′ may change significantly
after the cluster-based undersampling stage. Specifically,
it’s possible that there are more Xmin samples than Xmaj
ones. A class redefinition phase is included to ensure that
Xmin and Xmaj are defined consistently across the training
pipeline:

1) Class redefinition: Let |X ′
min| and |X ′

maj| represent the
current cardinalities of the minority and majority class
samples, respectively, after undersampling. If |X ′

min| >

|X ′

maj| then the class labels are redefined as follows:

• The class with fewer samples becomes the new
minority class.

• The class with more samples becomes the new
majority class.

To prevent imbalance reversal and keep the algorithm
consistent, this dynamic reallocation ensures that the
next oversampling step is always applied to the true
minority class.

2) Dataset balancing: SMOTE is a popular oversampling
technique that improves classifiers’ generalization
ability by creating new samples rather than duplicating
existing ones. X ′

min is subjected to the SMOTE to get
a more precise class balance. For each xi ∈ X ′

min,
Xsys is computed by steps given in a Section II-A. The
resulting balanced dataset (Xbal, ybal) is represented as

Xbal = Xsys ∪ X ′
min ∪ X ′

maj (8)

SMOTE smooths the decision boundary between
classes and balances the class distributions. It ensures
the subsequent classifier can more effectively capture
the minority class regions without overfitting. The
fully balanced dataset resulting from this oversampling
step is now ready to be trained using the CSRBoost
ensemble.

3) BOOSTING WITH ADABOOST
CSRBoost advances on to the AdaBoost ensemble learning
stage to improve the performance of the balanced dataset
(Xbal, ybal) developed using undersampling and oversam-
pling strategies. AdaBoost is a more powerful classifier that
achieves higher accuracy since it can adjust sample weights
based on misclassification mistakes. This process gradually
tightens the decision boundary and ensures the Xmaj does
not dominate the classifier, which enhances the previous
resampling steps.
Undersampling, oversampling, and boosting combine to

form a complete ensemble framework that solves the CI
problem. Combining these methods gives a more balanced
and efficient model for unbalanced classification tasks by
greatly improving the classifier’s ability to generalize and
make correct predictions on both classes. The cluster-aware
resampling then boostingmethod preserves the local structure
of Xmaj and reduces the iterative tasks of removing similar
informative samples in a controlled manner. The clustering
size is decided by Eq. 6, and different cluster sizes have
been investigated. Besides, single-shot resampling has been
adopted to enhance computational efficiency since the
proposed method is applied to different sample sizes and
dimensionality levels of datasets. Consequently, AdaBoost
has been employed to address the difficulty of classifying the
samples.
The proposed method is summarized as:

• Ensemble learning framework: A potent ensemble
learning framework that lessens CI bias and enhances
predictive performance is produced by systematically
combining undersampling and oversampling, followed
by boosting.

• Complementary effects: RUS shrinks the amount of
the dataset, while SMOTE interpolates instead of
replicates, both of which help prevent overfitting. Each
iteration enhances resilience against noise and outliers
by focusing on misclassified cases.

• Dataset representatives: A simple approach to managing
Xmaj is demonstrated through the utilization of clustering
approach in a controlled manner. It preserves the
dataset representative and data locality while lowering
computational complexity.

• Adaptive learning for Xmin: AdaBoost dynamically
updates weights to emphasize difficult Xmin sam-
ples, allowing the model to adapt to complex
boundaries. Consequently, it results in an enhanced
generalization.

CSRBoost, which emphasizes building of balanced datasets
through resampling techniques and employs boosting to
enhance classification performance, especially for Xmin
occurrences, is a useful way to handle CI.

III. RESULTS AND DISCUSSIONS
Details regarding the experimental setup, datasets, and results
of the experiment are given in this section.
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FIGURE 2. Class imbalance within datasets.

A. EXPERIMENTAL SETUP
A Google Colab1 running an Intel Xeon CPU with two
virtual CPUs and 13 GB of RAM was used to run the code.
The CSRBoost approach has been implemented using the
Python2 programming language. Numerous Python libraries
have been used, including matplotlib, NumPy, scikit-learn,
and others. To guarantee balanced class distributions across
folds, the dataset was partitioned using stratified K-Fold
cross-validation [43]. Usually, a 5-fold Stratified K-Fold was
employed, which divided the data into five sections, with one
fold being used for testing and the other four for training.
This procedure was carried out 20 times to record the average
result. The SMOTE makes use of the five nearest neighbors.
The base classifier is a decision tree [43].

Performance indicators such as G-Mean, average precision
(AP) score, F1-score, and AUC-ROC (Area under the
Receiver Operating Characteristic Curve) are adopted to
evaluate the classifier’s performance [43]. They are provided
as

G−Mean =

√
1

1 +
FP
TN

×
1

1 +
FN
TP

(9)

where true negatives (TN) means # instances are predicated
correctly as ‘‘negative,’’ false positives (FP) means #
instances are predicted inaccurately as ‘‘positive,’’ false
negatives (FN) means # instances are predicted inaccurately
as ‘‘negative,’’ and true positives (TP) means instances are
predicated correctly as ‘‘positive.’’

APscore =

2−1∑
θ=0

[RLTD(θ ) − RLTD(θ + 1)] · PNTD(θ ) (10)

where precision PNTD(θ ) and recall RLTD(θ ) for threshold θ

and they are computed for thresholds 2 - 1.

F1 − score =
2TP

FP+ FN + 2TP
(11)

1https://colab.research.google.com/
2https://www.python.org/

FIGURE 3. Feature distribution of datasets.

B. DATASET DESCRIPTION
Extensive tests on common benchmark CI datasets are nec-
essary to validate the proposed methodology. The proposed
methodology was evaluated on four different categories
of CI datasets. These categories cover a broad spectrum
of classification problems, such as different sample sizes
and dimensionality levels, ensuring robust evaluation. The
following are the details.

1) High Dimensionality - High Sample Size (HDHSS)
• Predict Students’ Dropout and Academic Success
(PSDAS) [44]

• Epileptic Seizure Recognition (ESR) [45]
• Default of Credit Card Clients (DCCC) [46]

2) High Dimensionality - Low Sample Size (HDLSS)
• Breast CancerWisconsin (Diagnostic) (BCW) [47]
• Connectionist Bench (CB) [48]
• Early Stage Diabetes Risk Prediction
(ESDRP) [49]

3) Low Dimensionality - Low Sample Size (LDLSS)
• Indian Liver Patient Dataset (ILPD) [50]
• Glass [51]
• Seed [52]
• Wine [53]

4) Low Dimensionality - High Sample Size (LDHSS)
• Yeast5-ERL [54]
• Cargood [55]
• Carvgood [55]
• Yeast5 [54]
• Flare-F [56]

The datasets are divided as: Real world (Flare-F, Yeast5,
Yeast5-ERL,Wine, Seed, ILPD, ESDRP, BCW,DCCC, ESR,
and PSDAS) and Synthetic (Carvgood, Cargood, Glass, and
CB). Figs. 2 - 4 presents a comparative analysis of each
dataset. With a primary focus on CI, it comprehensively
studies several datasets across various criteria. The number of
features can impact model complexity and performance, even
though it differs between datasets and isn’t connected to the
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FIGURE 4. Imbalance ratio of various datasets.

CI problem. The datasets originated from various fields and
are either collected in lab settings or in real-world scenarios.
We transformed the datasets by determining which class was
the most under-represented and designated it as the Xmin
and the remaining classes as Xmaj in order to make binary
classification easier. As seen in Fig. 4, the imbalance ratio
uses the ratio of the |Xmaj| to the |Xmin| to quantify the level
of imbalance. The dominance of Xmaj is demonstrated by
yeast5-ERL, which has an extremely high imbalance ratio,
and it is 295.8. Moreover, because of their high imbalance
ratios of 32.73 and 23.79, respectively, yeast5 and flare-F
are challenging datasets for classification algorithms. The
proposed CSRBoost method is assessed on a variety of
domains with a range of characteristics and imbalance ratios
of the datasets, as shown in Figs. 2 - 4. If the imbalance issue
is not resolved, DM &ML models trained on the CI datasets
may produce predictions that are noticeably biased in favor of
the Xmaj. As a result, performance metrics such as accuracy
(ACC (%)) could be misleading.

C. PERFORMANCE ANALYSIS OF CSRBOOST ON
CLUSTERING-BASED SAMPLING TECHNIQUE
The CSRBoost methods performance is assessed and pre-
sented in table 1 for a range of datasets under gradually
decreasing clustering percentages from 100.0% to 10.0%
based on the Xmin samples. The goal is comprehending
how classification performance is impacted when the nclusters
is reduced. It assists in understanding the clustering-based
sampling technique.

The HDHSS datasets show stable ACC with different
% of clustering. The ACC of the PSDAS dataset remains
consistently around 71.0%, showing minimal variation even
at 10.0% clustering. This dataset is robust to subsampling,
as evidenced by the stability of all metrics. High ACC
(nearly 91.0%) and high AUC (nearly 0.89) were maintained
across all clustering levels for the ESR dataset. The F1-
score, AP score, and G-Mean show consistency, signifying

strong model generalization. However, slight reductions in
the F1-score and AP score were observed as the cluster size
decreased. For the DCCC dataset, the performance is very
low. All metrics achieved inferior values, indicating that data
quality or separability is poor and not influenced by clustering
density.

For the HDLSS dataset, the BCW and ESDRP
datasets demonstrate decent performance for the proposed
clustering-based sampling techniques at various levels. The
BSW dataset achieves an ACC of approximately 94.0%,
along with high and consistent metrics across all levels.
Although there is a slight drop in ACC and AP score at
lower percentages, it remains within an acceptable margin
of noise. Clustering compression is a safe method, as seen
by this consistent performance. The CB dataset, on the other
hand, shows greater variation across parameters, especially
in AP score and F1-score. Clustering affects performance,
with variances ranging from 2.0 to 3.0%. Because of the CI,
the dataset exhibits a considerable subsampling sensitivity.
With an ACC of over 97.0% and an AUC of over 0.97,
the ESDRP dataset performs quite well. However, when
the clustering percentage drops, performance gradually
deteriorates. In particular, the ACC decreases by roughly
4.0% from 100.0% to 10.0% clustering process, while the
F1-score and G-Mean both exhibit modest decrease. The
dataset does well overall but might benefit from more
thorough clustering.

Most of the LDLSS datasets have achieved decent and
stable performance. With an ACC of roughly 66.0% and an
AUC of around 0.66, the ILPD dataset, on the other hand,
performs poorly to moderately. The metrics are consistent but
not very impressive, which indicates the presence of feature
noise or label overlap, which does not appear to be impacted
by clustering. In contrast, the glass dataset has good and
consistent metrics, with an AUC of almost 0.90 and an ACC
of roughly 95.5%. Performance deterioration is minimal,
and mid-level clustering shows a small improvement. The
clustering percentage does not impact this result significantly.
The seed dataset performs exceptionally well on everymetric.
With standard deviations of roughly 0.01–0.02, the ACC,
AUC, F1-score, AP score, and G-Mean are within the
range of 96.0 – 97.0%, with minimal variation. Besides,
the wine dataset exhibits great stability, with metrics like
AUC and G-Mean continuously lingering near the top end,
around 0.98. The performance does not significantly decline
when clustering decreases, suggesting a robust feature-class
relationship.

Similar to prior categories of datasets, marginal impact is
observed on some LDHSS datasets. Clustering has a very
strong effect on the yeast5-ERL dataset. There is considerable
variation in other parameters; the ACC varies from 77.83%
to 99.93%. At roughly 22.0%, the standard deviations are
noticeably high. It implies thorough clustering is essential
because the data may be brittle, noisy, or sparse.With an ACC
of approximately 99.0%, an AUC of approximately 0.99, and
an F1-score of approximately 0.96, the cargood and carvgood
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TABLE 1. Comparison with clustering percentage based on Xmin samples.
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datasets demonstrate near-perfect results in which the model
is well-fitted and highly confident, with metrics remaining
flat and stable even at a 10.0% threshold, where full clustering
provides only minimal advantages. Performance on the
yeast5 dataset is consistent and reasonably good. The AUC
and F1-score somewhat decrease at lower clustering levels,
but the findings are still within a reasonable range. Besides,
it performs better than its yeast5-ERL version and shows
good resistance. Conversely, the flare-F dataset shows low
metric scores, with an AP score of 0.10 to 0.12 and F1-score
of roughly 0.22 to 0.27. The AUC is roughly 0.65, and the
ACC is 92.0%. It suggests a lack of useful features or label
imbalance. These performance limitations are not addressed
by increasing clustering.

Small standard deviations are seen in most datasets,
suggesting that the model performs consistently. Across all
clustering percentages, the datasets carvgood, cargood, ESR,
seed, ESDRP, and wine achieve constant AUC ≥ 0.95 and
high ACC > 95.0%. In certain situations, such as PSDAS,
where the ACC rises, and the AUC of Yeast5-ERL rises,
performance is marginally improved by lowering clustering.
AUC and G-Mean exhibit the most consistency across all
clustering levels formost datasets. Even for sensitive datasets,
the G-Mean stays within a small range. In robust datasets
such as ESR, wine, and seed, AUC variances are nearly
insignificant. This thorough analysis shows that lowering
clustering percentages can frequently be done safely across
a wide range of datasets without sacrificing the efficacy of
the model. However, the datasets’ properties are particularly
important: datasets with intrinsic structure (e.g.: carvgood,
seed) are generally more stable, while noisy or unbalanced
datasets (e.g.: flare-F, yeast5-ERL) might need full clustering
for best results.

D. COMPARISON WITH VARIOUS STATE-OF-THE-ART
TECHNIQUES
CSRBoost, SMOTified-GAN [32], GAN [32], ADASYN [57],
Borderline-SMOTE [58], SMOTE-edited nearest neigh-
bor (SMOTE-ENN) [38], SMOTE-Tomek [38], [59],
Adaboost [25], RUSBoost [37], and hash-based undersam-
pling ensemble (HUE) [60] are all thoroughly compared
in the table 2. Time series datasets such as DCCC, ESR,
and PSDAS are unsuitable for RUSBoost since they lose a
lot of information because most classes are reduced [61].
Furthermore, because none of the neighbors in ADASYN,
GAN, and SMOTified-GAN belong to the majority class,
they are inappropriate for the Yeast5-ERL and CB datasets.
The configuration described in [32] is employed for both
GAN and SMOTified-GAN in order to generate results.

All the state-of-the-art methods achieve AUC > 0.90 and
ACC > 90.0% on most datasets. Both SMOTified-GAN
and GAN show a decent performance in terms of AUC
> 0.95 and ACC > 90.0% for CI datasets such as
ESR, BCW, ESDRP, wine, cargood, carvgood, yeast5,
and flare-F. However, compared to traditional approaches,

SMOTified-GAN and GAN have higher processing require-
ments.With a 72.85%ACC and aG-Mean of 0.63, CSRBoost
performs admirably on most measures. Particularly when
contrasted with alternative techniques like SMOTified-GAN
(ACC: 64.46%) and GAN (ACC: 63.80%) for the PSDAS
dataset. Although CSRBoost performs well in terms of
ACC, for the ESR dataset, SMOTified-GAN and GAN
outperform it. Comparing CSRBoost to SMOTified-GAN
and GAN reveals that it maintains a competitive G-Mean,
indicating that it better balances and regulates the minority
class. CSRBoost performs well in terms of ACC, attaining
94.37% for the BCW dataset. It is similar to SMOTified-
GAN (94.17%) and SMOTE-Tomek (94.38%). Furthermore,
SMOTified-GAN displays a comparable result of 0.94,
although CSRBoost displays a high G-Mean of 0.92. Among
the top three methods for the ESDRP dataset is CSRBoost.
At 98.65%, RUSBoost attains the best accuracy. CSRBoost
exhibits remarkably low volatility and consistently performs
well across all five metrics, indicating consistent and broadly
applicable performance. Additionally, despite significantly
trailing in AP score, Borderline-SMOTE, SMOTE-Tomek,
and SMOTE-ENN produce competitive outcomes, especially
in terms of G-Mean and F1-scores.

ADASYN, Borderline-SMOTE, SMOTE-Tomek, and
Adaboost are high-performancemethods for the ILDP dataset
that produce F1-scores of 0.97–0.98, AP scores of up to
0.97, and G-Mean values of 0.96–0.99. CSRBoost performs
steadily and moderately on all criteria. CSRBoost ranks
among the top performers for the glass dataset, demonstrating
its fierce competition. In minority-specific measures, it lags
somewhat behind specialized resampling techniques like
SMOTE-ENN, but it performs noticeably better than GAN-
based methods. CSRBoost continuously exhibits strong
performance across all criteria for seed and wine datasets.
In every category, it is in the top three and is more stable and
interpretable than adversarial techniques. For Yeast5-ERL,
every approach except CSRBoost achieves almost perfect
ACC and AUC. Similarly, using ACC and AUC measures,
cargood, carvgood, yeast5, flare-F dataset perform almost
flawlessly.

CSRBoost demonstrates robust and consistent perfor-
mance across a wide spectrum of class-imbalanced datasets,
especially excelling in structured environments with moder-
ate imbalance and well-separated feature spaces. Its hybrid
framework proves highly effective for maintaining accuracy
and generalization. In summary, CSRBoost is a strong,
versatile method for class imbalance problems, particularly
when data is moderately imbalanced and well-structured.

E. ABLATION ANALYSIS
Table 3 presents the ablation analysis comparing CSRBoost,
SMOTEBoost, and RUSBoost’s classification performance
on several datasets. With remarkable results on various
datasets, CSRBoost usually balances AUC and ACC well.
Better generalization and efficacy in identifying minority
classes are indicated by its capacity to retain a higher AUC
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TABLE 2. Comparison with various state-of-the-art techniques.
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TABLE 3. Ablation analysis.

despite displaying somewhat lower accuracy. Datasets like
Yeast5-ERL, which exhibits notably worse AUC perfor-
mance and suggests susceptibility to specific data distribu-
tions, should be handled cautiously. RUSBoost performs well
in several areas, but its lower AUC results might require
careful consideration.

Class separation is given precedence over overall accuracy
by CSRBoost; this trend is especially noticeable in the
PSDAS, DCCC, and ILPD datasets. CSRBoost attains an
accuracy of 72.85% and an AUC of 0.66 in the PSDAS
dataset. Despite having a lower overall accuracy, CSRBoost is
superior at class distinction, as evidenced by SMOTEBoost’s
greater accuracy of 75.24% but lower AUC of 0.63. Despite
having a lesser accuracy, CSRBoost outperforms SMOTE-
Boost on the DCCC dataset, with an AUC of 0.64 instead of
0.62. RUSBoost achieves the maximum accuracy (71.52%)
in the ILPD dataset and has an AUC of 0.66 with CSRBoost.
SMOTEBoost, on the other hand, has a worse performance
with an AUC of 0.63. For the ESR dataset, CSRBoost and
SMOTEBoost perform very similarly, with an accuracy of
almost 92.0% and an AUC of roughly 0.90. This suggests
that all approaches are reliable and only slightly different.
CSRBoost achieves nearly perfect performance for glass,
seed, wine, cargood, and carvgood datasets.

A tradeoff between generalizing for the Xmin and favoring
the Xmaj is suggested by the fact that RUSBoost usually
produces the maximum ACC at the expense of the AUC.
For the CB dataset, RUSBoost specifically exhibits the
highest ACC of 82.26% but the lowest AUC of 0.72.
On the other hand, CSRBoost exhibits a better balance
in the precision-recall tradeoff despite having a somewhat

lower accuracy. On the ESDRP dataset, all methods exhibit
remarkable performance, with accuracies surpassing 97.0%.
In this dataset, RUSBoost performs best, with an accuracy
of 98.65% and an AUC of 0.99. For the BCW dataset,
RUSBoost performs very well, with the greatest ACC of
97.19% and AUC of 0.97. SMOTEBoost and CSRBoost
perform similarly, with AUC values ranging from 0.94 to
0.95 and ACC of about 94.0%. CSRBoost and SMOTEBoost
outperform RUSBoost regarding ACC for the flare-F dataset.
RUSBoost, on the other hand, performs noticeably better in
terms of AUC (0.83 versus 0.67/0.61), suggesting that it is
more effective in classification in an unbalanced setting.

Though often outpaced in both metrics, SMOTEBoost
exhibits a balanced performance. With extremely imbalanced
or complex datasets like Flare-F andYeast5-ERL, the efficacy
of this approach varies considerably. Since depending only on
ACC might be deceptive, it is imperative to consider AUC
as a measure of robustness, especially when working with
imbalanced datasets.

F. TIME TO RUN ANALYSIS OF VARIOUS
STATE-OF-THE-ART TECHNIQUES
Table 4 shows the execution times of various state-of-the-
art methods across several datasets, expressed in seconds.
Smaller datasets (like CB and Wine) are best suited for
CSRBoost, but large-scale or high-dimensional data (like
ESR and DCCC) exhibit poor scalability. Although at
the expense of time, it provides higher outcomes and
robustness. Performance and time efficiency are balanced
in both GAN and SMOTified-GAN. Although they may
be scaled fairly easily, they are more costly than simple
approaches. Large datasets can have a consistently high
execution time, ranging from 100 to 3251 seconds. With
execution durations usually measured in single or low double
digits for most datasets, traditional boosting techniques like
AdaBoost and RUSBoost are the fastest overall. HUE rarely
takes longer than 20 seconds and has excellent efficiency and
consistency across various datasets. The complexity of the
dataset causes CSRBoost and SMOTE-ENNs execution times
to grow dramatically. AdaBoost and HUE, on the other hand,
have shown consistent performance across all dataset sizes.
In contrast, the execution time of GAN-based techniques
increases quadratically with dataset size.

In general, CSRBoost takes longer time to compute than
other approaches, particularly when working with bigger
or more intricate datasets like ESR and DCCC. Although
they are typically faster, traditional oversampling methods
like ADASYN and SMOTE versions lack CSRBoost’s
sophisticated boosting features. In most situations, GAN-
based techniques—such as SMOTified-GAN and GAN—
remain noticeably faster than CSRBoost despite their some-
what lengthy execution periods. Except for smaller datasets
where the execution time differences are minimal, HUE and
AdaBoost are usually the fastest methods.

In trend, CSRBoost’s variance is comparable to that
of GANs, but when working with big datasets, it greatly
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TABLE 4. Time to run (in seconds) comparison with various state-of-the-art techniques.

TABLE 5. Wilcoxon signed-rank comparison with the proposed CSRBoost method.

outperforms it. It implies that CSRBoost may involve cascad-
ing dependencies and has a non-linear temporal complexity.
CSRBoost offers good accuracy and durability across various
datasets despite its computationally demanding nature. The
size and imbalance of the dataset cause the execution time
to increase significantly. CSRBoost frequently works better
than many other techniques for small to medium-scale tasks.
Despite its increased time, CSRBoost is still recommended
for large, unbalanced datasets where infrastructure supports
is crucial.

G. WILCOXON SIGNED-RANK ANALYSIS OF VARIOUS
STATE-OF-THE-ART TECHNIQUES
The Wilcoxon signed-rank test [62] results, which contrast
the suggested CSRBoost with the state-of-the-art methods,
are shown in the table 5. The Wilcoxon test’s p-value is
displayed in each cell. The arrow shows the direction of
superiority (↑: CSRBoost significantly better, ↓: CSRBoost
significantly worse, and −: No significant difference). The
majority of p-values that have been recorded are incredibly
modest (10−18 to 10−8), suggesting that CSRBoost and its
competitors differ significantly. In certain instances (e.g.,
Seed, Carvgood), p-values are more than 0.05, indicating
no meaningful difference. It demonstrates that CSRBoost’s
superiority is not constant across datasets. Table 5 implies
that generative models (GAN-based) are better at capturing
the data distribution than the proposed CSRBoost method.

Compared to ADASYN, Borderline-SMOTE, SMOTE-ENN,
SMOTE-Tomek, and SMOTEBoost, CSRBoost yields mixed
results. This suggests that while resampling-based boost-
ing techniques are competitive with CSRBoost’s design
(clustered undersampling + boosting), they are not always
superior. CSRBoost often outperforms AdaBoost on datasets
such as PSDAS, DCCC, ILPD, Yeast5, and Flare-F. However,
a few datasets (Glass, ESR, and CB) show comparable
or superior performance with AdaBoost. This highlights
the importance of using resampling techniques in boosting
methods for imbalanced learning.

Table 5 indicates that significant comparative patterns may
be seen in the Wilcoxon signed-rank test results. In sev-
eral datasets, CSRBoost outperforms ADASYN, SMOTE-
ENN, SMOTE-Tomek, and SMOTEBoost statistically signif-
icantly, confirming the efficacy of clustered undersampling
combined with boosting. However, CSRBoost routinely
outperforms GAN-based methods (GAN, SMOTified-GAN),
suggesting that deep generative resampling is still more
effective at capturing minority-class structure. Additionally,
dataset-specific behaviours are revealed: CSRBoost performs
best on structured or high sample size datasets like Car-
good and Flare-F, but its performance deteriorates on low
sample size or highly skewed datasets like BCW. These
findings demonstrate that although CSRBoost may compete
with traditional resampling-boosting ensembles, its benefit
is conditional. To increase robustness, future extensions
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should investigate integrating CSRBoost with generative
resampling.

IV. CONCLUSION
CSRBoost is an ensemble learning framework designed
for imbalanced classification tasks in this paper. CSRBoost
combines a model-level boosting strategy with data-level
resampling techniques to provide a principled solution
for class imbalance. CSRBoost efficiently reduces class
imbalance while preserving the structural integrity of the
original data distribution by fusing adaptive boosting with an
intelligent class-specific resampling algorithm. The method
leverages a dynamic clustering approach to preserve the intra-
class density, data locality, and relevant structure. Through
comprehensive validation of multiple datasets of different
categories, it has been found that CSRBoost achieves decent
performance by providing the appropriate representatives
from each class to construct a balanced dataset for classi-
fier training. The framework also emphasizes challenging
instances during the training phase to enhance classification
accuracy. Results indicate that CSRBoost performs well
compared to traditional methods across a variety of datasets
with different levels of imbalance ratios. Additionally,
CSRBoost is a dependable and scalable solution for situa-
tions with unbalanced data because it showed statistically
significant gains with reduced variation. Furthermore, the
proposed CSRBoost approach is versatile, as various types of
clusters can be created by adopting multiple techniques with
varying resampling approaches and base classifiers. Finally,
it completely depends on the dataset’s dimensionality and
complexity, as seen in the result.

Future work will explore the integration of CSRBoost with
deep learning architectures and its extension to multi-class
and streaming data environments.
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