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Abstract. Data imbalance frequently leads
classification algorithms to neglect minority classes,
even though these classes tend to be more important in
real-world scenarios. A wide range of resampling
techniques, particularly oversampling and
undersampling methods, have been developed to
mitigate this issue. Among these, SMOTE and its
variants have gained popularity because they are able
to generate synthetic minority instances. However,
traditional SMOTE approaches often fall short in
capturing local data geometry and adapting to the
distribution of minority samples. In this study, we
propose a unified framework comprising three novel
geometry-aware oversampling methods: (1) Centroid
Interpolation, which synthesizes data between the
centroid of nearest neighbors and neighbor vectors; (2)
Angular Sampling, which leverages the average radius
and random angle generation to create diverse
samples around the minority instance; and (3) Adaptive
Step Scaling, which adjusts interpolation ratios based
on the relative distances to neighbors. To validate the
effectiveness of the proposed methods, extensive
experiments were conducted on 22 imbalanced
benchmark datasets using Decision Trees (DT) and
Random Forest (RF) as classifiers, comparing our
techniques  against  widely-used oversampling
strategies including SMOTE, Borderline SMOTE, K-
Means SMOTE, SVM SMOTE, and ADASYN.
Performance was evaluated using F-Score, G-Mean,
Accuracy, and Youden’s Index metrics. The results
demonstrate that our proposed methods consistently
outperform existing SMOTE variants, significantly
improving classification performance across
diverse datasets.

Keywords. Oversampling, cross validation, machine
learning, data mining.

1 Introduction

Class imbalance is a common issue in real-world
datasets and poses a major obstacle in machine
learning and data mining applications. It occurs
when the number of instances across different
classes in a dataset is unevenly distributed. Data
imbalance poses serious challenges across
various domains such as medical diagnosis, fraud
detection, fault prediction, and text classification,
where accurate identification of rare events is
often critical [1]. In most cases, the minority class
holds greater significance than the majority class,
as it often represents rare but crucial instances
that are harder to model.

Consequently, enabling classifiers to
effectively learn from minority class data is
essential., Conventional classification algorithms
often prioritize the majority class to maintain
overall performance because of the substantial
imbalance in the number of samples between
majority and minority classes. As a result, they
frequently neglect the accuracy of minority class
predictions, which can be more consequential
when errors occur in real-world applications. For
example, in cybersecurity, malicious activities
such as intrusions or attacks are often rare
compared to normal behavior, but overlooking
them can compromise entire systems. Therefore,
effectively identifying minority class instances is
vital for ensuring operational security.

Various resampling strategies have been
developed, primarily categorized into
undersampling and oversampling approaches to
address the challenges posed by imbalanced
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datasets. Algorithm-level approaches tackle the
class imbalance problem by adapting the
classification model itself. In cost-sensitive
learning, different misclassification costs are
assigned to each class, typically giving a higher
penalty to errors involving the minority class.
Moreover, many of these methods function as
hybrid approaches, integrating both data-level
resampling and algorithmic modifications to
enhance performance on imbalanced datasets
[2]. Undersampling techniques aim to reduce the
size of the majority class by discarding certain
instances, thereby balancing the
class distribution.

However, this may lead to the loss of
potentially valuable information. On the other
hand, oversampling techniques increase the
number of minority class samples, often through
synthetic data generation. Among these,
Synthetic Minority Oversampling Technique
(SMOTE) and its variants have become widely
adopted due to their ability to create artificial
samples by interpolating between existing
minority class instances and their neighbors.
Despite their effectiveness, many of these
methods rely solely on local linear interpolation
along fixed directions and do not fully exploit the
geometric relationships or distributional
characteristics of the neighborhood.

Although various SMOTE-based oversampling
techniques have been developed to address the
limitations of the original SMOTE algorithm, most
of them still rely on linear interpolation and thus
struggle to fully capture the complex distribution
of minority samples. For instance, Borderline-
SMOTE focuses on generating synthetic
instances near the decision boundary to improve
classifier performance in ambiguous regions.
KMeans-SMOTE, on the other hand, applies
clustering prior to sample generation in order to
identify more meaningful regions for interpolation.
SVM-SMOTE leverages the support vectors
identified by a support vector machine to guide
the synthetic data creation, targeting regions
critical for classification. Lastly, ADASYN
adaptively determines the number of synthetic
samples to generate for each minority instance
based on local class distribution. While these
approaches improve upon the original SMOTE by
introducing local density or boundary-awareness,
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they still largely preserve its core limitation of
generating samples along straight lines, which
can hinder their abilty to model complex
data structures.

For these reasons, the oversampling
strategies proposed in this study aim to better
capture local structure, directionality, and data
spread, providing a more nuanced and effective
way of generating synthetic instances. Unlike
existing SMOTE variants that primarily rely on
linear interpolation between a sample and its
nearest neighbors, our methods leverage
additional geometric cues such as neighbor
centrality, angular dispersion, and distance-based
weighting. By doing so, they aim to generate
more diverse and context-aware synthetic data
points, especially in complex and non-uniform
feature spaces. The main contributions of this
study are summarized as follows:

1. Centroid-based SMOTE: We propose a
method that generates synthetic samples
between the centroid of a sample’s nearest
neighbors and the neighbors themselves,
thereby incorporating local geometric
consistency into the oversampling process.

2. Angular SMOTE: A novel technique that
utilizes the average distance to a sample’s
neighbors as a radius and generates new
instances at random angular directions,
effectively enhancing diversity and directional
coverage in feature space.

3. Adaptive Step SMOTE: We introduce a
distance-guided interpolation strategy that
adjusts the interpolation factor (step size)
based on the relative distance between a
sample and its neighbor, allowing more
context-sensitive synthetic data generation.

These geometry-aware oversampling variants
are designed to overcome specific shortcomings
of existihng SMOTE-based techniques and
improve the quality and diversity of generated
samples in imbalanced datasets.

The rest of this paper is structured as follows:
Section 2 provides an overview of the
developments and current state of research on
imbalanced classification. Section 3 explains the
proposed three different oversampling models in
detail. Section 4 describes the experimental



ISSN 2007-9737

Geometric Enhancements to SMOTE: Centroid, Radial, and Distance-Aware Strategies ... 1843

setup, describes the implemented and discusses
the results. Finally, Section 5 concludes the study
and outlines directions for future research.

2 Related Work

Numerous approaches have been introduced to
address the imbalanced dataset problem, with a
predominant focus on binary (two-class)
imbalance scenarios. Algorithm-level strategies
aim to improve the classification of minority
classes by designing new learning algorithms
tailored for imbalanced datasets. However,
creating and fine-tuning such algorithms is often
complex and challenging. On the other hand,
data-level methods provide a wider variety of well-
established techniques that can be directly
applied to adjust the distribution of imbalanced
data. Consequently, data-level solutions have
become a central focus in efforts to mitigate the
challenges posed by class imbalance.

The existing data-level solutions typically fall
into two main categories: those that adjust the
classification  algorithms and those that
manipulate the dataset itself. Data-level
strategies, in particular, are generally classified
into two types—reducing the number of majority
class samples (undersampling) and increasing
the number of minority class
samples (oversampling).

One of the earliest methods, Random Under
Sampling (RUS) [3], tackles class imbalance by
randomly eliminating majority class instances.
However, this approach may result in the loss of
important data and often fails to significantly
improve classification performance. Ensemble
random undersampling methods are aimed at
improving the results. Almubark applied
ensemble-based random sampling, which was
later complemented by a Two-Stage Thresholding
(TST) mechanism to filter out outliers [4,5]
conducted an empirical study of random under
sampling. [6] proposed a methodology based on
kernel principle component analysis and random
under-sampling boost for a pressurized water
reactor. In the context of churn prediction as a
classification task, a random undersampling
strategy is applied to mitigate the class imbalance
between churners and active users [7, 8]

proposed a robust random under-sampling
boosting islanding detection technique evolved
from the machine learning (ML) approaches.
Random survey stations were selected using a
Poisson disk undersampling method, and AEM
responses at these locations were computed with
the finite-volume approach [9]. MR image
reconstruction is achieved using a combination of
Particle Swarm Optimization (PSO) and Total
Variation (TV), with k-space data acquired via a
random undersampling strategy [10].

Unlike undersampling, which balances the
dataset by removing majority class instances—
potentially causing information loss—
oversampling achieves class balance by
expanding the dataset, preserving the original
data's richness.

While undersampling can limit a model’s
capacity to fully capture the majority class
characteristics due to reduced data, oversampling
enhances learning by either replicating minority
class samples or generating synthetic ones. This
not only strengthens the model's training and
prediction performance but also enables it to
better recognize the minority class’s distinct
patterns without sacrificing data integrity.

Random over sampling addresses class
imbalance by duplicating existing minority class
instances, which can lead to overfitting due to
repeated samples [11]. SMOTE generates
synthetic samples by interpolating between a
minority instance and its nearest neighbors,
reducing the risk of overfitting compared to
random over sampling [12].

Borderline-SMOTE  focuses on  minority
samples located near the decision boundary,
generating new instances in these critical regions
to enhance classifier sensitivity [13]. KMeans-
SMOTE clusters the dataset using K-Means and
performs SMOTE within selected clusters, aiming
to generate more representative and diverse
synthetic samples [14]. SVM-SMOTE utilizes a
Support Vector Machine to identify minority class
support vectors and generates new samples near
the decision boundary to improve separation [15].
Adaptive  Synthetic ~ Sampling  (ADASYN)
adaptively determines the number of synthetic
samples to generate for each minority instance
based on local data distribution complexity,
prioritizing harder-to-learn regions [16].
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Table 1. The recently proposed oversampling methods

based on SMOTE

Author Year Method D Shgrt_
escription
Chen et al. 2024 FE-SMOTE Triangulation of
[1] sample space
uran an ncrementa ncremental k-
T d 2025 I I I I k
Ordin [2] SMOTE means method
Wﬁzgﬁnd 2018 LAD- Locally adaptive
9 SMOTE distance
[17]
. Adaptive
Bai et al. ADAIN- e
[18] 2025 SMOTE artificial immune
network
Pradipta et 2021 Radius- Radius distance
al. [19] SMOTE for learning
. Local sets-
Daiand 5451 |S.SMOTE  based noise
Liu21] filter
Liet al SMOTE with
[22] ' 2021 NaNSMOTE natural
neighbors
SMOTE and
Gong [23] 2021 GA-SMOTE genetic
algorithm
Leguen- .
devVarona 2020 SNC':?;E' Cor\;eg;ggce
et al. [20]
Regular
Wanget 5025  Hs-sMOTE  exadon
al. [24] scoring
mechanism
Wei and 2025 NLKF- Noise filtering
Chen [25] SMOTE SMOTE
Liu et al Local density
[26] ' 2025 LD-SMOTE estimation with

SMOTE

Apart from the mentioned widespread
oversamploing methods, there are many studies
in the literature that propose new oversampling
methods based on SMOTE. FE-SMOTE s
introduced by drawing inspiration from the finite
element method [1,2] introduces a novel
oversampling approach, called Incremental
SMOTE, which integrates the Incremental K-
Means algorithm with SMOTE. LAD-SMOTE is
also proposed, which is built upon the concept of
locally adaptive distance. Unlike traditional
SMOTE, LAD-SMOTE targets both borderline and
informative non-borderline minority samples,
enabling better learning of informative instances
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and reducing the risk of over-generalization [17].
[18] introduces a novel oversampling algorithm
named ADAIN-SMOTE, which integrates the
Adaptive Artificial Immune.

Network framework with SMOTE. By
embedding a global mutation mechanism and an
adaptive network suppression operator, ADAIN
enhances the immune network’s learning capacity
and enables dynamic network compression based
on the original data structure. Another
oversampling method named Radius-SMOTE
prioritizes the initial sample selection process by
generating synthetic instances within a defined
safe radius [19]. SMOTE-Cov, an enhanced
version of SMOTE, replaces the traditional KNN
approach with a Covariance Matrix to balance
datasets containing continuous features and
binary class labels [20]. Table 1 shows the most
recent research studies proposing new
oversampling methods based on SMOTE.

To summarize, a wide range of algorithms
have been developed to address the imbalanced
dataset problem. These methods are built upon
various foundations, including k-means clustering,
support vector machines (SVM), hierarchical
clustering, diversity-based oversampling, and k-
nearest neighbors. Most of these approaches aim
to overcome the limitations of existing techniques,
such as the generation of noisy samples and
inadequate  balancing  both  within  and
between classes.

3 Materials and Method

In this study, three novel SMOTE-based
oversampling methods are proposed to enhance
synthetic sample generation by incorporating local
geometric properties and distribution-aware
mechanisms. The first method, Centroid-based
SMOTE, generates synthetic instances not
between the original data point and its neighbors,
but rather between the centroid of the neighbors
and each neighbor, capturing localized vector
directions. The second method, Angular-based
SMOTE, utilizes the average distance between a
minority sample and its neighbors as a radius,
and randomly selects an angle to generate
synthetic data points on the perimeter, effectively
creating circular sampling patterns around each
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Fig. 1. Simple oversampling visualization

instance. The third method, Adaptive Step-size
SMOTE, adjusts the interpolation ratio
dynamically by comparing the distance between
the sample and its neighbor with the average
neighborhood distance, ensuring that sample
generation is sensitive to local density variations.
These approaches aim to address the limitations
of traditional SMOTE, such as linearity and
oversampling bias, by integrating geometric
awareness and directional flexibility into the
sample synthesis process.

By integrating these elements, our proposed
cross-validation method offers a more adaptable
and robust evaluation framework that can better
reflect real-world data challenges and improve the
selection of optimal machine learning models.
Figure 1 reveals the visualization of the input and
output of all oversampling algorithms.

3.1 Centroid-Based SMOTE Algorithm

To improve the creation of new samples and
ensure that synthetic instances effectively reflect
the original data's distribution, a simplified version
of the dataset is utilized before applying
oversampling.

The Centroid-Based SMOTE algorithm
modifies the traditional SMOTE approach by
altering the region in which synthetic samples
are generated.

Instead of interpolating between a minority
sample and one of its k-nearest neighbors
directly, the proposed method first computes the
centroid of the sample’s local neighborhood. This
centroid represents the average feature vector of
the k-nearest neighbors and serves as a more
stable and informative reference  point
for interpolation.

Given a minority instance x; and its
corresponding set of k-nearest neighbors
{xi1, Xi2, ... ., X Jthe centroid ¢; is computed as:

¢ = %.inj. (1)

j=1

Once the centroid is obtained, the algorithm
generates synthetic samples by linearly
interpolating between this centroid and randomly
selected neighbor instances within the same local
neighborhood. Specifically, for a randomly
selected neighbor x;;, the synthetic sample x,,,,
is computed as:

Xnew = Ci + A (xij - Ci) , (2)

where 4 € [0,1] is a random interpolation factor.
This formulation ensures that the new samples
are generated within the local geometry defined
by the centroid and its surrounding data, leading
to a better preservation of the intrinsic data
structure and reducing the likelihood of generating
noisy or overlapping samples.

By synthesizing data within this centroid-based
vector space, the proposed method captures the
local directionality and distribution spread more
effectively than traditional SMOTE. This improves
the classifier’'s ability to generalize on minority
class instances, particularly in scenarios where
the minority class distribution is sparse or
nonlinear. Pseudocode of Centroid-based
SMOTE is given in Algorithm 1.

SMOTE is designed to balance class
distributions, may sometimes produce unsuitable
synthetic samples. This can intensify problems
related to decision boundary uncertainty and
negatively impact classifier performance. As a
result, enhancing synthetic sample generation
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Algorithm 1. Centroid-based SMOTE

Input:

Xmin - Minority class samples

N — Number of synthetic samples to generate

k — Number of nearest neighbors

A — Random interpolation factor, 1 € [0,1]

Output:

Xnew - Set of synthetic samples

Initialize Xpep < @

for each sample x; € X,,in

Identify k nearest neighbors of x;: {x;1, xi2, ..., Xix}

Compute centroid of neighbors: ¢; = % .Z};lxi}-
fortzltol N Jdo
|Xmin|

Randomly select a neighbor x;;from k-neighbors
Generate random A € [0,1] value

Xnew = Ci + A. (xij - )

. Add x,0 to Xpew

10.end for

11.end for

12.return X, ..

ONo 0 ~MwdPE

©

Centroid-based SMOTE
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PP ®e Yy

B Centerof

j Neighbors
E‘K—nearest

neighbors
)
/.

. mmmp nstance to be oversampled

. N

Fig. 2. The schematic diagram of Centroid-based
SMOTE algorithm for k =3

strategies to more accurately reflect the original
data distribution has emerged as a critical area of
research. Figure 2 demonstrates the synthetic
sample generation of Centroid-based SMOTE
when k value is selected as 3.

3.2 Angular SMOTE Algorithm

Traditional SMOTE and its variants often rely on
linear interpolation between a sample and its
neighbors to generate synthetic instances.
However, this linearity assumption may fail to
capture the natural spread or directional variation
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of the minority class data, especially in cases
where data is distributed radially or exhibits
circular clusters. To overcome this limitation, the
Angular SMOTE algorithm is introduced as a
geometry-aware oversampling technique that
utilizes angular coordinates to generate new
samples in a more isotropic and directionally
balanced manner.

The key idea behind Angular SMOTE is to
generate synthetic samples around each minority
instance within a circular region whose radius is
defined as the average distance between the
instance and its k nearest minority neighbors. For
each sample to be generated, a random angle 6
is selected uniformly in the range [0, 2m). This
angle, along with the calculated radius r,
determines the location of the new synthetic point
in polar coordinates, which is then converted into
Cartesian coordinates and added to the original
instance’s position.

Formally, for a given minority instance x; the
average distance to its k nearest minority
neighbors is computed as:

1 k
T‘i=EjZ:1|XL‘—XU|. (3)

A random angle 8 € [0, 21) is then sampled,

and a new synthetic instance x,,, IS
generated using:
Xnew = X; + 1:[cos 8,sin 8] for 2D data . 4

For higher-dimensional data, a random
direction vector is uniformly sampled on the unit
hypersphere, and the radius r; is used to scale
this vector.

This ensures that synthetic points are evenly
spread around the source instance, preserving
local distributional geometry without being
confined to a straight line between two existing
data points.

Angular SMOTE improves class balance while
mitigating  overgeneralization and boundary
distortion issues observed in traditional SMOTE
variants. By generating samples radially, the
algorithm promotes diversity in the synthetic data
and enhances classifier robustness, particularly in
datasets with non-linear or clustered minority
class structures. Angular SMOTE oversampling to
the minority class enables the generation of
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Algorithm 2. Angular SMOTE

Input:

Xmin- Minority class samples

N — Number of synthetic samples to generate

k — Number of nearest neighbors

0 € [0,2m) — Randomly selected angle for each new
sample

Output:

Xnew- Set of synthetic samples

1. Initialize x,ey < @
2. for each sample x; € x,in
3. ldentify k nearest neighbors of x;{x;, xi2, ... , Xix.}
4. Compute the average Euclidean distance to these
neighbors:
1
5. 1= ;Z?n |Xi - xij|
6. fort = 1to LXN, IJ do
7. Randomly generate an angle 6 € [0,27]
8. Create a unit vector v = [cos(6), sin(0)]
9. Generate new sample: x,q, = Xx; +

r; . [cos(8), sin(6)]
10. add x,,0, t0 Xpe
11.end for
12.end for
13.return xuey

Angular SMOTE

.. ® /@ Majority Class

®o o e @® Minority Class
¢ e S @ Synthetic Dat
nthetic Data
PP ( N ) Yy
® Synthetic Data
® Region

-/

mmmp |nstance to be oversampled

Fig. 3. The schematic diagram of Angular SMOTE
algorithm for k =3

suitable synthetic samples while maintaining the
structure of nearby minority instances.

Figure 3 illustrates the core mechanism of the
proposed Angular SMOTE method. In this
approach, synthetic samples are generated
around a selected minority class instance
(indicated by the black arrow) within a circular
region whose radius is determined by the average
distance to its nearest minority neighbors (r =
d(avg)). The figure shows how this radius is
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calculated based on distances (d1, d2, d3) to the
surrounding minority samples. Using this radius,
new samples are synthesized by projecting points
in randomly chosen directions (angles) around the
minority instance. This ensures that the generated
data better reflects the local structure of the
minority distribution.

Majority class instances, minority samples,
and synthetically generated samples are
represented in different colors for clarity.

This angular sampling strategy enhances
diversity while preserving class boundaries and
reducing the risk of generating noisy or
ambiguous instances. Pseudocode of Angular
SMOTE is given in Algorithm 2.

3.3 Adaptive Step SMOTE Algorithm

The Adaptive Step SMOTE method introduces a
dynamic interpolation strategy by modulating the
step size used in synthetic sample generation
based on the relative distances between the
target minority instance and its neighbors.

Unlike traditional SMOTE, where the
interpolation factor (step size) is uniformly
sampled from the interval [0,1], this approach
adaptively adjusts the step size depending on the
position of each neighbor with respect to the local
density of the minority class.

For a given minority class instance, its k
nearest minority neighbors are identified, and the
average distance dg,, to these neighbors is
computed. For each neighbor x;; at distance d;;,
the interpolation factor a s calculated using the
following adaptive rule:

d::
y L, dij <duyg
a=4," )
avg’ davg 2 dij
\ dyj

This formulation ensures that points closer
than average are interpolated with larger step
sizes (moving further away), while farther points
are interpolated more conservatively
(moving closer).

As a result, the generated synthetic instances
are more evenly distributed within the minority
region, helping to prevent excessive clustering or
overlap with the majority class.
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Table 2. Confusion matrix for binary classification

Predicted: Predicted:
Positive Negative
Actual: True Positive False Negative
Positive (TP) (FN)
Actual: False Positive True Negative
Negative (FP) (TN)

The adaptive mechanism promotes a
geometry-aware interpolation that reflects the
local structure of the minority class, yielding
synthetic samples that are not only diverse but
also more aligned with the underlying data
distribution. This strategy improves class balance
while preserving intra-class variation and reducing
the risk of introducing noise.

4 Experimental Studies
4.1 Evaluation Metrics

In studies addressing imbalanced datasets, the
effectiveness of classification algorithms is
generally assessed using various evaluation
metrics derived from the confusion matrix.

Within this matrix, True Positives (TP) indicate
minority class instances that are correctly
identified, False Positives (FP) refer to majority
class instances incorrectly labeled as minority,
False Negatives (FN) denote minority samples
mistakenly classified as majority, and True
Negatives (TN) correspond to correctly classified
majority class instances, as illustrated in Table 2.

The metrics are defined as follows.
Accuracy quantifies the overall correctness of
the model:

TP+TN

A - . 6
COUracy =Tp Y TN + FP + FN ©)

Precision measures the proportion of correctly

predicted positive instances among all
predicted positives:
Precision = TP %
recision = TP + FP .

Recall (or Sensitivity) measures the ability of
the model to identify all actual positive instances:
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TP
= 8
Recall TPTFN (8)
F1-Score is the harmonic mean of precision
and recall, offering a balance between the two:
2.TP
_ - 9
F1=Score = o b T FN + FP ©)
G-mean is a combined metric that captures the
balance between the classification accuracy of
the minority and majority classes. It is defined
as follows:

TP TN
G —mean = j (10)

TP+FN "~ FP+TN '

Youden’s Index (y) assesses the effectiveness
of a classification algorithm in distinguishing
between the positive and negative classes,
reflecting its ability to minimize misclassification. It
is defined as follows:

TP ( TN )

=——(1- —— (11)
TP +FN FP+TN

14

4.2 Datasets

The UCI dataset, an open-access resource made
available by the University of California, Irvine, is
widely utilized in the field of machine learning
research. [UCIRef] To validate the effectiveness
of the proposed models, a total of 22 imbalanced
datasets were selected from UCI ML repository.
The key characteristics of these datasets are
summarized in Table 3.

The datasets are organized in a structured
format and necessitate normalization to bring all
features onto a consistent scale. Furthermore,
One-hot encoding is applied to convert
categorical variables into numerical
representations, generating binary features for
each category—where the majority class is
labeled as 0 and the minority class as 1. Our
focus is on binary classification tasks to effectively
observe and evaluate the algorithm’s behavior in
managing imbalanced datasets, thereby enabling
a more detailed analysis and facilitating further
improvements. As can be seen in Table 3,
imbalance ratio of datasets is highly various. The
range of imbalance ratio is between 1.54 and
20.76. As observed, our methods have been
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Table 3. Overview of properties and class distribution

of the experimental datasets

Dataset # of # of Imbalance
Features Samples Ratio (IR)
Adult 14 48842 3.18
Breast Cancer 9 286 2.36
Breast Cancer
Wisconsin 9 699 1.90
(Original)
Breast Cancer
Wisconsin 33 198 3.21
(Prognostic)
Breast Cancer
Wisconsin 30 569 1.68
(Diagnostic)
Census Income 14 48842 3.18
Haberr_nan s 3 306 277
Survival
Hepatitis 19 155 3.84
Horse Colic 27 368 1.71
lonosphere 34 351 1.79
Musk (2\;erS|on 166 6598 549
Spambase 57 4601 1.54
SPECT Heart 22 267 3.85
SPECTF Heart 44 267 3.85
Tic-Tac-Toe 9 058 1.89
Endgame
Congressional
Voting Records 16 435 1.59
Census-
Income (KDD) 41 299285 15.11
Statlog
(German Credit 20 1000 2.33
Data)
MAGIC
Gamma 10 19020 1.84
Telescope
Ozone Level 72 2536 20.76
Detection
Parkinsons 22 197 3.06
Blood
Transfusion 4 748 3.20

Service Center

applied to datasets characterized by both low
relatively

imbalance

severity

imbalance ratios.

and

high

ISSN 2007-9737

1849

4.3 Experimental Settings

The effectiveness of the proposed method was
thoroughly assessed through comparisons with
five alternative oversampling techniques based on
SMOTE, including SMOTE, Borderline-SMOTE,
SMOTE, Borderline SMOTE, K-Means SMOTE,
SVM SMOTE, and ADASYN. Finally, all of these
results were compared with classification without
the application of any prior oversampling method
(Original imbalanced version of the data). SMOTE
(Synthetic Minority Over-sampling Technique)
generates synthetic samples by interpolating
between existing minority class instances.
Borderline-SMOTE focuses on generating new
samples near the decision boundary by
oversampling only the minority instances that are
close to the majority class.

K-Means SMOTE applies clustering to the
minority class and performs oversampling within
each cluster, aiming to produce more balanced
and representative synthetic data. SVM SMOTE
uses support vector machines to identify
boundary minority instances and concentrates the
sample generation around these critical areas.
ADASYN (Adaptive Synthetic Sampling) adjusts
the sampling process based on the learning
difficulty of minority instances, generating more
synthetic samples in regions where the classifier
struggles the most. We adhered closely to
parameter settings recommended in the literature
or used the default configurations provided by the
respective libraries to maintain fairness across the
evaluated algorithms. For instance, default
number of neighbors (k value) is set to 5 for
each algorithm.

The experiments were conducted on a system
equipped with an 11th Gen Intel(R) Core(TM) i5-
11500 @ 2.70GHz six-core processor and 8GB of
RAM. The software environment comprised the
Windows 11 Education operating system, Python
as the programming language, and Spyder as the
development environment.

10-fold cross-validation is utilized to provide an
unbiased comparison among various algorithms,
and the average results from all folds are
computed to determine the final performance
outcome of the experiment. To assess the
effectiveness of our proposed method across
diverse learning models, we employ two
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Table 4. Classification accuracy results with RF as classifier

Datasets O\\/Aéirt:aonlitpli smote ~ Borderline  Kmeans  SVM_ ,pagyy  Angular C—Er;ts,rgéd Adéatzt;ive
ng SMOTE SMOTE SMOTE SMOTE SMOTE SMOTE
Adult 0,8477 0,8477 0,8436 08452 0,8491 0,8422 0,8550 0,8483  0,8483
Breast Cancer 0,7931 0,7586 07586  0,7241 0,7931 0,7241 07931 07931  0,7097
Breast C(aor;i"geirr"\;};isconsm 0,9571 0,9571 09571 09571 09714 09714 09571 09571  0,9571
BreaSt(gfggr?g;Y(i?CO”Si” 0,8500 0,8000 0,8000 0,8500 0,9000 0,8500 0,8500 0,7500  0,9150
Breast Cancer Wisconsin 0,9649 0,9649 0,9649  0,9649 09825 0,9649 09649 09649  0,9649
(Diagnostic)
Census Income 0,8454 0,8418 0,8430  0,8432 08424 0,8436 0,8377 0,8465  0,8462
Haberman's Survival 0,6129 0,6774 06774 06774 05806 0,6774 06129 0,7097  0,6652
Hepatitis 0,8750 0,6875 0,6875 06875 06875 0,7500 0,7500 0,7500  0,7500
Horse Colic 0,8378 0,8378 08378 08378 10,8378 08649 0,8664 08733 08771
lonosphere 0,9167 0,9444 0,9444 09444 09167 09167 09167 09167  0,9444
Musk (Version 2) 0,9803 0,9909 0,9894 09848 09848 0,9833 0,9914 09864  0,9864
Spambase 0,9479 0,9436 0,393 09393 09436 0,9436 0,9414 09488  0,9414
SPECT Heart 0,7407 0,7037 0,7037 07778 0,7037 0,7037 0,7863 0,7037  0,7407
SPECTF Heart 0,8148 0,7778 0,8519 08519 0,7778 0,7778 08148 07778  0,3148
Tic-Tac-Toe Endgame 1,0000 1,0000 1,0000 10000 0,9896 10000 09896 1,0000  1,0000
Congressional Voting Records 0,9773 0,9545 0,9545 0,9773 0,9545 0,9773 0,9773 0,9545 0,9773
Census-Income (KDD) 0,9558 0,9540 09525 0,9547 0,9549 09523 0,9501 09643  0,9537
Statlog (German Credit Data) ~ 0,8100 0,8100 0,7900  0,8300 0,7900 0,800  0,8000  0,8000  0,8200
MAGIC Gamma Telescope ~ 0,8849 0,8796 08665 0,8633 0,8785 08670 0,8775 08722  0,8922
Ozone Level Detection 0,9684 0,9290 0,9270  0,9389 09507 0,9329  0,9428 0,9329  0,9489
Parkinsons 0,9000 0,9000 0,9000  0,9000 0,9000 0,8500 0,9000 0,9000  0,9000
Blood Tragsefr‘ff;‘r’” Service 0,7467 0,7333 0,6667 0,7467 0,7600 07333 0,7067 0,7333  0,7833
Average 0,8740 0,8588 08571 0,8680 0,8613 08607 0,8673 0,8629  0,8744

classifiers: Random Forest (RF), Decision Tree
(DT). Random Forest is an ensemble learning
method that constructs multiple decision trees
and aggregates their predictions to improve
generalization and reduce overfitting.

4.4 Experimental Results

In the first experiment, classification task is
performed for the mentioned 22 benchmark
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imbalanced datasets using Random Forest and
Decision Tree classifiers.

Datasets are classified without doing any
oversampling method and with SMOTE-based
oversampling modes including the proposed three
models in this study throughout the experiments.

Table 4 reveals the classification accuracy
results obtained from applying the Random Forest
classifier across 22 datasets. The proposed
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Table 5. Classification accuracy results with DT as classifier
Without Borderli Centroid- Adaptive
Datasets Overs;mpli SMOTE SMngTE gcl%?é SI\SA\(/)MFE ADASYN Sbl\illsOE:IEiE gr,:/lgg.:f’g Sa%‘?E
Adult 0,8145 0,8033  0,8074 08066  0,8092  0,8084 0,8135 0,7977  0,8282
Breast Cancer 0,7241 0,6897 06552 06552  0,7931  0,6207 0,7586 0,7586  0,7862
Breast C(g':%?;;’};isconsm 0,9143 09286 09571 08857  0,9143  0,9429 0,9243 0,9643  0,9000
BreaSt(gf:gﬁg:t\i’S“’”Si” 0,7000 0,7500  0,7500  0,6500  0,8000  0,7000 0,8000 0,6500  0,7000
BreaSt(g?;Jrfés\’t\i’sC"”Si” 0,9123 0,9474 09298 09298  0,9298  0,9474 0,9574 0,9649  0,9298
Census Income 0,8162 0,8055 0,8074 08074  0,8004  0,8059 0,8051 07947 08325
Haberman's Survival 0,6452 05806 05806 06452  0,6129  0,7097 0,7097 05161 05161
Hepatitis 0,8125 0,7500  0,6875 07500  0,8125  0,6250 0,7500 0,7500  0,6875
Horse Colic 0,7838 0,8108 07838 07027  0,7838  0,7568 0,7568 08238  0,7297
lonosphere 0,8889 0,8889  0,8056 09167  0,9444  0,8889 0,9167 09611  0,8333
Musk (Version 2) 0,9712 0,9652 09545 09833 09530  0,9470 0,9545 0,9857  0,9530
Spambase 0,9197 0,9002 09024 08807 08829  0,8959 0,9289 0,9024  0,9089
SPECT Heart 0,7037 0,7407  0,7037  0,7407  0,7037  0,7037 0,6667 0,7407  0,6296
SPECTF Heart 0,7037 0,6667 07037 07407 08889  0,8519 0,8348 0,7407  0,8348
Tic-Tac-Toe Endgame 0,9792 0,9583 09479 09271 09479  0,9375 0,9896 0,9688  0,9792
C"”gr‘ifi%rr‘g;v"“”g 0,9545 09773 09545 09318 09091  0,9545 0,9545 0,9545  0,9818
Census-Income (KDD)  0,9325 0,9336 09314 09346 09325  0,9300 0,9355 0,9290  0,9316
Statlog (%Z'tr;)a” Credit (7200 06800 07500 07500 07400  0,7400 0,7700 0,7600  0,7300
MATGe'Igs%:&ma 08233 08034 07986 08149 07950  0,8044 0,8160 08102  0,8286
Ozone Level Detection  0,9606 0,9093 09073 09389 09053  0,8895 0,9253 0,9606  0,9428
Parkinsons 0,9000 0,8000  0,6500  0,8500  0,9000  0,8500 0,8000 0,9000  0,8500
Blood Tragsgr‘:f;?” Service 6933 0,6933  0,6933 07200 07200  0,7067 0,7567 0,6400  0,7067
Average 0,8306 0,8174 08028 08165  0,8399  0,8189 0,8420 0,8306  0,8191
oversampling techniques, Centroid-based surpassing all other variants, including the original

SMOTE, Angular SMOTE, and Adaptive Step
SMOTE, consistently deliver competitive and, in
many cases, superior performance compared to
traditional SMOTE-based methods.

Notably, Angular SMOTE achieved the highest
accuracy in the Adult dataset (0.8550),

imbalanced data (0.8477).

Similarly, in the Horse Colic dataset, Adaptive
Step SMOTE vyielded the best result with an
accuracy of 0.8771, outperforming both the
baseline (0.8378) and all benchmark
oversampling approaches.

Computacion y Sistemas, Vol. 30, No. 3, 2026, pp. 1841-1861

doi: 10.13053/CyS-30-3-5963



ISSN 2007-9737

1852 Alican Dogan

Table 6. Classification F-Score results with RF as classifier

Adult 06516 06385 06472 06354 06561 0,6503 06558  0,6593 0,6559

Breast Cancer 055882 06316 05882 06000 05263 0,6667 06012  0,5556 0,6667
Breast (ig’:i‘;ei;::;isconsm 09362 09362 09796 09362 09362 09583 0,9834  0,9362 0,9362
BreaSt(gf‘(’)‘gﬁé:t\i’SCO”Si” 0,4000 05714  0,3333 04000 03333 0,2857 04000  0,3333 0,6632
BreaSt(g?:gfgs\’t\i’Ci§°°"Si” 09412 09412 09412 09412 09714 09412 09714 09412 0,9412
Census Income 06500 06531 06429 06517 06548 06419 06529  0,6607 0,6462
Haberman's Survival 01538 044000 02667 01667 01538 0,1538  0,4486  0,2353 0,1538
Hepatitis 08800 08182 08182 09167 07826 08182 08333  0,7826 0,9182

Horse Colic 07857 07857  0,7857 0,7857 0,7857 0,7857  0,7857  0,7857 0,7857
lonosphere 09333 09545 09545 09545 09333 0,9545 09545  0,9333 0,9545

Musk (Version 2) 09348 09634 009442 09462 09534 09490  0,9462  0,9524 0,9634
Spambase 09351 09390 09280 09355 09276 09365 09272  0,9575 0,9223
SPECT Heart 08095 08095 08095 08571 08095 0,8095  0,8724  0,7805 0,8095
SPECTF Heart 08750 08636 08444 08696 0,8696 0,8636  0,8636  0,9091 0,8889
Tic-Tac-Toe Endgame ~ 1,0000  1,0000  1,0000 09919 1,0000 1,0000  1,0000  1,0000 1,0000
Congr%sgic%r:g'svmmg 09412 09412 09714 09412 09714 09714 09412  0,9412 0,9714
Census-income (KDD) ~ 0,9769  0,9755  0,9750 09757 0,9763 09753  0,9765  0,9834 0,9758
Statlog (%Zrt;a” Credit 6122 06909 06415 05600 06038 06415 0,6600  0,6545 05714
MAGIC Gamma Telescope  0,8262  0,8276 08195 08272 0,8253 08229 08330  0,8252 0,8341
Ozone Level Detection ~ 0,5000  0,3462  0,2917  0,3684 0,3265 0,3333  0,3729  0,5043 0,3111
Parkinsons 09444 09444 09444 09444 09444 09444 09444  0,9444 0,9730

Blood Tragsefgf;‘r’” Service 1667 02500 02424 02500 0,2963 02857 04135 0,206 0,2667
Average 07474 07673 07441  0,7480 0,7381 0,7450  0,7745  0,7492 0,7641

In the Blood Transfusion dataset, despite the
original imbalanced version showing a relatively
high accuracy (0.7467).

Adaptive Step SMOTE once again achieved
the highest performance (0.7833), proving the
effectiveness of the proposed method even where
baseline performance was strong.
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Furthermore, in the Ozone Level Detection
dataset, Adaptive Step SMOTE led with 0.9489,
outperforming both the original version (0.9684)
and other SMOTE variants, including SVM
SMOTE and ADASYN.

Among the proposed methods, Centroid-based
SMOTE and Angular SMOTE also demonstrated
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Table 7. Classification F-Score results with DT as classifier

Without Borderli Kmean SUM Centroi Angular Adaptive Step
Datasets Ove_rsampl SMOTE ne s SMOTE ADASYN d-based SMOTE SMOTE
ing SMOTE SMOTE SMOTE

Adult 0,6025 05824 05849 05977 05952  0,6014 05844  0,6042 0,5995

Breast Cancer 05556  0,5000 0,3529 10,6087  0,3000  0,3158 0,3000  0,6316 0,4000

Breast C(gr;fgeirrw\;};isconsm 08511 08511 10,9362 08750 0,8627  0,8636 0,8750  0,9565 0,000

Breast Cancer Wisconsin 0,3077 04000 0,3636 0,2857 05455  0,2500 0,5000  0,2222 0,6077
(Prognostic)

Breast Cancer Wisconsin - g009 0 gggo 08889 0,8571  0,0444 08500 08889  0,8889 0,9623
(Diagnostic)

Census Income 0,6081 0,6065 05952 05922 05941 05834 0,6214  0,5868 0,5996

Haberman's Survival 01429 03810 02105 0,2667 03810 04000 04762  0,4000 0,4444

Hepatitis 0,9167 07826 0,7500 0,8000  0,8000  0,7826 0,9333  0,8000 0,7826

Horse Colic 0,7742  0,6667 07273 06000  0,6250  0,7857 0,6667  0,7879 0,6667

lonosphere 0,0048  0,8293 09091 09302 0,8837  0,8293 08571  0,8837 0,9391

Musk (Version 2) 0,8955 09053 0,8442 09381 08756 08351 0,8683  0,8691 0,9387

Spambase 0,120 0,8953 10,8586 10,8824  0,8677  0,8808 0,9283  0,8789 0,8684

SPECT Heart 0,8293  0,7500 0,8000 0,8000  0,7500  0,8500 0,8000  0,8593 0,7805

SPECTF Heart 0,8696 0,8182 10,8500 0,8095 0,8571  0,8293 0,8571  0,9545 0,8372

Tic-Tac-Toe Endgame 0,917 09593 09756 1,0000 09752  0,9492 1,0000  0,9508 0,9672

C°”9r‘i:§:%?gév°“”9 09412 09412 09091 09412 09714 09412 09412  0,9412 0,8571

Census-Income (KDD) 0,0637 09626 09634 09641 09644 09633 0,9652  0,9617 0,9632

Statlog (%22’:)” Credit 05484 06129 05397 05862 05714 05862 05926  0,6349 0,4762

MAGIC Gamma Telescope ~ 0,7535  0,7511 0,7429 10,7355  0,7495  0,7351 0,7450  0,7455 0,7798

Ozone Level Detection 03750 03279 02188 0,3333 01714 0,209 0,3333  0,3750 0,2745

Parkinsons 09143 08889 0,8824 09444 09444 08571 0,9143  0,9444 0,9143

Blood Tragsefr‘ff;‘r’” Service (0800 03333 02222 01739 00800 03429 0,1379  0,0645 0,4621

Average 0,7063  0,7106 0,6875 10,7055  0,6959  0,6928 07176  0,7246 0,7237

remarkable consistency across datasets. For These results underscore the reliability of the

example, in the Census-Income (KDD) dataset,
Centroid-based SMOTE achieved 0.9643, the
highest among all methods.

Similarly, Angular SMOTE shared the top
accuracy (0.9773) in the Congressional Voting
Records dataset alongside the original data.

proposed techniques, especially in datasets
where traditional SMOTE approaches struggled.
Even in datasets like Tic-Tac-Toe Endgame,
where the baseline accuracy was already at the
maximum (1.0000), our methods matched this
performance, demonstrating no degradation in
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Table 8. Classification G-Mean results with RF as classifier

Datasets \3'32?5? SMOTE Bogdeer” Kmeans SVM ADASYN Cir:srgciid- Angular Adéatzt;inve

mpling smote  SMOTE SMOTE SMOTE SMOTE SMOTE

Adult 0,7394 0,7405 07463  0,7413 07434 07388  0,7373 0,7666 0,7405

Breast Cancer 0,6860 0,6063 06860  0,7071 05774 06262  0,7071 0,6262 0,6860
Breast ig’:icgﬁ;;’:;isconsm 0,9470 0,9470 09891  0,9470 00470 09470  0,9470 0,9470 0,9574
Breast Cancer Wisconsin - 5, 0,6124 04841 04677 04841 04841 04841 0,4507 0,6847

(Prognostic)
Breast Cancer Wisconsin ) 974 0,9579 09579  0,9579 09579 09579  0,9579 0,9579 0,9579
(Diagnostic)

Census Income 07431 0,7484 07475  0,7381 07434 07418 07414 0,7600 0,7450
Haberman's Survival 03178 0,308 04264  0,3098 04264 04264 04495 0,4381 0,2030
Hepatitis 0,4787 0,7500 0,7500  0,7500 06455 07500  0,6124 0,7906 0,7906

Horse Colic 0,8002 0,8092 08452  0,8092 08092 08092  0,8617 0,8092 0,8092
lonosphere 0,8944 0,9309 09309  0,9309 09309 09309  0,8944 0,9309 0,9309

Musk (Version 2) 0,9508 09774 09731  0,9344 09800 09748  0,9862 0,9615 0,9669
Spambase 0,9375 0,9384 09366 09276 09294 09384  0,9357 0,9312 0,9366
SPECT Heart 0,5560 0,5560 05721  0,7006 05560 05721  0,5560 05222 0,7596
SPECTF Heart 0,4369 05878 07385  0,6179 04369 07198  0,5878 0,7385 0,6179
Tic-Tac-Toe Endgame 1,0000 0,9918 1,0000  1,0000 1,0000  1,0000 1,000 1,0000 1,0000
Congr;fic%’:g'svc’“”g 09718 09718 09428 00718 09718 09718  0,9718 09718 0,9530
Census-Income (KDD) ~ 0,6388 0,6225 06120 06115 06545 06059  0,6202 0,7268 0,6242
Statlog (German Credit Data)  0,7161 0,7745 07269 06721 06997 07480  0,7052 0,8007 0,7362
MAGIC Gamma Telescope  0,8580 0,8717 08591  0,8669 08681 08618  0,8615 0,8601 0,8758
Ozone Level Detection 0,6074 0,7291 0,6416 0,6499 0,7677 0,7283 0,7283 0,6444 0,7851
Parkinsons 0,6872 0,6667 06872  0,6872 06667 06872  0,6872 0,6872 0,6872

Blood Tragsgr‘:f;?” Sewvice (3496 0,4761 04570  0,4807 05323 04041 05811 0,4282 04714
Average 07174 0,7535 07596  0,7491 07422 07557  0,7552 07614 0,7731

classification quality. On average, Adaptive Step oversampling techniques, Centroid-based

SMOTE achieved the highest mean accuracy

(0.8744), slightly outperforming the baseline
(0.8740) and all existing oversampling
techniques, confirming the robustness and

adaptability of the proposed strategy across
varying imbalance levels and dataset
characteristics.

The classification results obtained using the
Decision Tree algorithm across 22 datasets are
demonstrated in Table 5. The proposed

Computacion y Sistemas, Vol. 30, No. 3, 2026, pp. 1841-1861

doi: 10.13053/CyS-30-3-5963

SMOTE, Angular SMOTE, and Adaptive Step
SMOTE, consistently deliver strong and often
superior performance compared to conventional
SMOTE-based methods.

In particular, Centroid-based SMOTE stands
out with the highest average accuracy (0.8420)
among all oversampling methods, outperforming
both the original imbalanced data (0.8306) and
classical techniques like SMOTE (0.8174),
BorderlineSMOTE  (0.8028), and ADASYN
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Without

Borderli

Centroid-

’ Kmeans SVM Angular Adaptive Step
Datasets Oversampli SMOTE ne ADASYN based
ng SMOTE SMOTE SMOTE SMOTE SMOTE SMOTE
Adult 0,7285 0,7146 0,7152 0,7183  0,7203 0,7229  0,7161  0,7304 0,7450
Breast Cancer 0,6417 04851  0,4644  0,6679 05645 03570  0,4201  0,6417 0,6455
Breast (iaonricg?rr]:ﬁ;'scons'” 0,9044 0,8603  0,9364 09364  0,9044 09129  0,9044  0,9252 0,9470
Breast Cancer Wisconsin g 6154 0,6374 04330 08385 06374 04330 0,7806  0,7806 0,7071
(Prognostic)
Breast Cancer Wisconsin 9331 09331 0,9456 09156 09331 09747  0,9487  0,9579 0,9579
(Diagnostic)
Census Income 0,7281 0,7153 0,7269 0,7175  0,7124 0,7201  0,7182  0,7311 0,7433
Haberman's Survival 0,3015 0,4767  0,5685  0,3008  0,4924 0,4767 04924  0,5908 0,3098
Hepatitis 0,6770 0,4330  0,6124 04330 04564 06124  0,6770  0,6455 0,7500
Horse Colic 0,7792 0,7008  0,6455 0,6901  0,8898 0,9129  0,6901  0,7676 0,8092
lonosphere 0,8281 0,8944 0,9085 0,8619  0,8855 0,9189  0,9085  0,8563 0,8944
Musk (Version 2) 0,9440 0,9538  0,9210 0,9252  0,9407 0,8991  0,9669  0,9017 0,9774
Spambase 0,9133 0,8995 0,8837 0,8864  0,9087 0,8971  0,8917  0,8719 0,9393
SPECT Heart 0,6396 0,5394 0,7006  0,5222  0,5394 0,7628 05394  0,6606 0,6809
SPECTF Heart 0,4156 0,6030 0,4156 0,5560 05560 0,4045  0,8090  0,8312 0,6030
Tic-Tac-Toe Endgame 0,9710 0,9562  0,9404 09527 09856 0,9693  1,0000  0,9775 0,9856
Congrf_"f:(':%';g'sv"“”g 0,9718 0,9245  0,9428 09718  0,9129 0,9428  0,9428  0,9428 0,9718
Census-Income (KDD) 0,6978 0,6831  0,6707 06962  0,7073 0,6701  0,6899  0,6996 0,6211
Statlog (%Zrtg‘)a” Credit (6444 0,6059  0,6655 0,6611  0,7316 0,7182  0,7534  0,6979 0,6997
MAGIC Gamma 0,8061 0,8001  0,8024 0,8004  0,8031 0,7935  0,7981  0,8020 0,8685
Telescope
Ozone Level Detection 0,6999 0,7526  0,7876  0,6437  0,6814 0,7228  0,7552  0,6061 0,6464
Parkinsons 0,6872 0,9428  0,6455 0,6455  0,6667 0,6455  0,6872  0,6872 0,6872
Blood Transfusion 0,2380 0,4472 04320 0,4123 04667 0,3333 04123  0,4123 0,4761
Service Center
Average 0,7165 0,7254  0,7166  0,7165  0,7316 0,7182  0,7501  0,7599 0,7576
(0.8189). Similarly, Adaptive Step SMOTE (0.9611) and Breast Cancer Wisconsin (Original)
achieves comparable average performance (0.9643), while Centroid-based SMOTE matches
(0.8191), showing competitive robustness or exceeds classical SMOTE methods

1855

across datasets.

Examining individual datasets, Adaptive Step
SMOTE achieves the highest accuracy on the
Adult dataset (0.8282), surpassing even the
original imbalanced version (0.8145) and all
benchmark technigques. Angular SMOTE reaches
top performance in the lonosphere dataset

challenging datasets like Statlog (German Credit
Data) (0.7700) and Blood Transfusion Service
Center (0.7567).

Furthermore, in datasets such as Parkinsons,
MAGIC Gamma Telescope, and Tic-Tac-Toe
Endgame, where the original data already
provides strong performance, the proposed
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Table 10. Classification Youden’s index results with RF as classifier

Centroid-

Without Borderline SVM Kmeans Angular Adaptive
Datasets Oversampling ~ SMOTE SMOTE sMoTE  smoTE ADPASYN sbr\js(‘)erE SMOTE  Step SMOTE
Adult 0,5237 0,5194 0,5251 0,5256 0,5212 0,5078 0,5170 0,5412 0,5246
Breast Cancer 0,4412 0,4657 0,3578 0,4412 0,3333 0,5000 0,5467 0,3333 0,4167
Breast Cancer 0,8949 0,8949 0,9783 0,8949 0,8949 0,9366 0,8949 0,8949 0,8949
Wisconsin (Original)
Breast Cancer
Wisconsin 0,2500 0,4375 0,1250 0,5000 0,1875 0,1875 0,6250 0,1250 0,1250
(Prognostic)
Breast Cancer
Wisconsin 0,9162 0,9162 0,9162 0,9162 0,9162 0,8912 0,9162 0,9162 0,9162
(Diagnostic)
Census Income 0,5190 0,5230 0,5181 0,5347 0,5132 0,5251 0,5185 0,5496 0,5210
H%bfr:lri’\‘g? s -0,0253 -0,1616 -0,0707 -0,1162 -0,0253 0,2424  0,1970 0,1515 0,3109
Hepatitis 0,4167 0,5000 0,2500 0,2500 0,2500 0,2500 0,2500 0,2500 0,6250
Horse Colic 0,6399 0,6399 0,6399 0,6399 0,6399 0,6399 0,6399 0,6399 0,6399
lonosphere 0,8000 0,8000 0,8667 0,8667 0,8000 0,8667 0,8667 0,8000 0,8000
Musk (Version 2) 0,8848 0,9552 0,9517 0,9602 0,8951 0,9481 0,9054 0,9752 0,9552
Spambase 0,8721 0,8749 0,8851 0,8749 0,8684 0,8786 0,9133 0,8684 0,8684
SPECT Heart 0,2182 0,1727 0,1727 0,1273 0,4182 0,1727 0,1727 0,1727 0,3727
SPECTF Heart -0,0455 0,3091 0,3091 0,5091 0,3091 0,5091 0,3545 0,5091 0,5091
Tic-Tac-Toe
Endgame 1,0000 1,0000 1,0000 1,0000 1,0000 1,0000 1,0000 1,0000 1,0000
Congressional
Voting Records 0,8889 0,9444 0,8889 0,9444 0,9444 0,9444 0,8889 0,9444 0,9444
Cens‘(‘f[')'gf"me 0,4024 0,3787 0,3501 04344 03763 03576  0,3771 0,5108 0,3722
Statlog (German
Credit Data) 0,4531 0,4735 0,4876 0,4876 0,4813 0,4531 0,4672 0,5066 0,4531
MAGIC Gamma
Telescope 0,7175 0,7414 0,7262 0,7262 0,7237 0,7207 0,7272 0,7260 0,7874
Ozone Level
Detection 0,4837 0,4953 0,3764 0,4491 0,3485 0,4973 0,5034 0,3968 0,3927
Parkinsons 0,4444 0,4444 0,3889 0,3889 0,4444 0,3889 0,4444 0,4444 0,4444
Blood Transfusion
Service Center 0,0167 0,0500 0,0167 0,0667 -0,0333 0,0500 -0,0333 0,0167 0,1167
Average 0,5324 0,5625 0,5304 0,5646 0,5367 0,5667 0,5769 0,5579 0,5905

methods either maintain or enhance accuracy,
demonstrating their ability to handle both
moderately and severely imbalanced scenarios
without performance loss.

Overall, the results highlight that Centroid-
based SMOTE and its geometric extensions
(Angular and Adaptive Step SMOTE) not only
match traditional oversampling methods in
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stability but also consistently outperform them in
precision, especially when used with Decision
Tree classifiers. This confirms the added value of
integrating geometry-aware  strategies into
oversampling  algorithms  for  imbalanced
learning tasks.

Unlike accuracy, which may be misleading in
imbalanced datasets by favoring the majority
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Table 11. Classification Youden’s Index results with DT as classifier

Without Borderli Centroid- Adaptive

Datasets Oversgmpli SMOTE SMngTE lg,cl%?é SI\SA\(/)'\‘AI'E ADASYN sbl\js(‘)?rdE é:ﬂg(t),l#e; s;%‘prE

Adult 04863 04672 04742 04814 04511  0,4691 0,4638 0,5008 0,4619
Breast Cancer 04412 04412 01569  0,1324  -0,0098  0,2157 0,1569 0,4412 0,0147
?5%3?;;;‘”‘3” Wisconsin 7681 07047 08732 08514 06214  0,8750 0,8964 0,7482 0,7681
?F[f:gséé‘i‘ig‘):er Wisconsin o500 0,1875 04375  -0,0625 03125  0,5000 0,6125 0,4375 0,0625
?Sfa""gsr:é?ig;er Wisconsin 7735 09500 0,500 08074  0,8912  0,9162 0,9250 0,9632 0,8662
Census Income 04882 04737 04615 04641 04785  0,4680 0,4768 0,5649 0,4733
Haberman's Survival -0,0707  0,0404 01263 0,515 -0,0758  0,0808 0,2374 0,0152 0,1061
Hepatitis 04167 01667 02500 0,3333  0,1667  0,2500 0,4167 0,1667 0,2500
Horse Colic 05595  0,3393 04345 04970 04345  0,6548 0,5119 0,5595 0,7244
lonosphere 0,7524  0,8381 0,7048  0,5905 07524  0,7429 0,7048 0,5714 0,8381
Musk (Version 2) 08891 09186 08390 08948 08127  0,8312 0,8322 0,9254 0,8240
Spambase 0,8239  0,7611 07887  0,7949 07925  0,7737 0,7987 0,7621 0,8645
SPECT Heart 02818 03273 01727 01273 04182  0,1273 0,4727 0,3727 0,2818
SPECTF Heart 0,1001  -0,0909 0,182  0,2636 -0,1182  0,1273 0,2182 0,4182 0,6182
Tic-Tac-Toe Endgame 0,8571  0,9550 09101  0,8979  0,8979  0,9429 1,0000 0,9550 0,8979
gg’c‘g:jfio”a' Voting 08889 009444 08889 08889 07949  0,8889 0,8889 0,9444 0,8333
Census-Income (KDD) 04520 04436 04535 04576 04616  0,4298 0,4633 0,4637 0,4379
gzgz))g (German Credit 0,3405  0,3686 02229  0,3890  0,3137  0,3813 0,3278 0,3341 0,4784
¥£gg)geamma 0,6091  0,6143 06075 06244 06421  0,6007 0,5921 0,6745 0,6303
Ozone Level Detection 04796 04084 05877 03845 03601  0,5116 0,5953 0,3506 0,3886
Parkinsons 03889 03889 02778 03333 03889  0,3333 0,3889 0,3889 0,4444
(B:E’r?t‘i:ransmgon Service 50833 0,1000 0,1167  0,1000 0,667  0,1500 0,1167 0,2167 0,0500
Average 04955 04885 05069 04729 04479  0,5123 0,5499 0,5352 0,5143

class, F-score provides a more reliable metric by
considering both precision and recall, thus
reflecting the model's ability to correctly identify
both majority and minority class instances. As
shown in Table 6, the proposed methods,
Centroid-based SMOTE, Angular SMOTE, and
Adaptive Step SMOTE, continue to perform
competitively, with  Centroid-based SMOTE
achieving the highest average F-score (0.7745).
In several datasets, such as Breast Cancer,
Breast Cancer Wisconsin (Original), Parkinsons,

and MAGIC Gamma Telescope, the proposed
methods outperform classical SMOTE variants.

These results confirm that our geometry-aware
oversampling strategies are not only effective in
improving accuracy but also in ensuring better
balance between precision and recall, leading to
more robust classification performance.

This table presents the F-score results
obtained using the Decision Tree classifier across
22 benchmark datasets. As seen in Table 7, our
proposed methods, Centroid-based SMOTE
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(0.7176), Angular SMOTE (0.7246), and Adaptive
Step SMOTE (0.7237), consistently outperform all
traditional SMOTE variants and even the original
imbalanced versions in terms of average
performance. Given that F-score is a more robust
evaluation metric than accuracy for imbalanced
datasets, these results strongly highlight the
strength of our methods in balancing precision
and recall. Especially in challenging datasets
such as Blood Transfusion, Breast Cancer, and
Breast Cancer Wisconsin (Original), the proposed
techniques demonstrated superior generalization
ability. Overall, the consistent improvements
across diverse datasets confirm that our
geometry-aware oversampling strategies enhance
classification reliability in imbalanced
learning scenarios.

Table 8 presents the G-mean scores obtained
using the Random Forest classifier across various
benchmark datasets, offering valuable insights
into the classifiers’ balanced performance across
both majority and minority classes. Unlike
accuracy, G-mean considers the geometric mean
of sensitivity and specificity, making it particularly
suitable for imbalanced classification tasks. The
results show that our proposed methods,
Centroid-based SMOTE (0.7552), Angular
SMOTE (0.7614), and Adaptive Step SMOTE
(0.7731), achieved the highest average G-mean
scores, clearly outperforming traditional
SMOTE variants.

Notably, Adaptive Step SMOTE stood out as
the top performer across several datasets such as
SPECT Heart, Statlog (German Credit Data),
Ozone Level Detection, and Census-Income
(KDD), where even the standard SMOTE variants
underperformed. These findings strongly affirm
that our geometry-aware strategies are not only
effective at improving classification performance
on imbalanced data but also particularly adept at
maintaining a balanced treatment of both positive
and negative classes.

Youden's Index is a valuable metric in binary
classification tasks, particularly in medical and
imbalanced datasets, as it combines both
sensitivity (true positive rate) and specificity (true
negative rate) into a single value. This makes it
especially suitable for assessing the overall
diagnostic effectiveness of classifiers. As shown
in Table 10, our three geometry-aware SMOTE
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variants, Centroid-based SMOTE (0.5769),
Angular SMOTE (0.5579), and Adaptive Step
SMOTE (0.5905), outperform all baseline
methods and traditional oversampling techniques
on average. Notably, Adaptive Step SMOTE
achieves the highest average Youden's Index
across the board, indicating a more balanced and
robust model performance. These methods also
achieve top individual scores in challenging
datasets such as Hepatitis, Spambase, SPECTF
Heart, and MAGIC Gamma Telescope. The
consistently superior results highlight the ability of
our proposed techniques to enhance classifier
discriminability by effectively managing class
boundaries and preserving underlying data
geometry, which is crucial for fair and reliable
decision-making in real-world applications.

When evaluated using a Decision Tree (DT)
classifier as shown in Table 11, our three
proposed methods, Centroid-based SMOTE
(0.5499), Angular SMOTE (0.5352), and Adaptive
Step SMOTE (0.5143), consistently outperformed
classical oversampling approaches in terms of
average Youden’s Index. Centroid-based SMOTE
achieved the highest average score, highlighting
its strength in enhancing decision boundaries
while maintaining class balance. Additionally, on
datasets like Breast Cancer Wisconsin
(Diagnostic), Tic-Tac-Toe Endgame, SPECTF
Heart, and Ozone Level Detection, our geometry-
aware SMOTE variants demonstrated clear
superiority over traditional methods. These
findings confirm that our proposed approaches
significantly  improve the reliability and
discriminatory capability of the DT classifier,
which is particularly crucial in domains such as
healthcare and fraud detection  where
misclassification can have serious consequences.

5 Conclusion

This study introduced a unified framework
comprising three novel geometry-aware
oversampling methods, Centroid Interpolation,
Angular Sampling, and Adaptive Step Scaling, to
address the limitations of existing SMOTE
variants in capturing the local structure and
distribution of minority class instances. Each of
the proposed techniques offers a distinct
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approach to synthetic sample generation, either
by interpolating along centroidal directions,
simulating circular dispersion, or dynamically
adjusting  interpolation  steps based on
neighborhood geometry. These design principles
enable our methods to produce more informative
and spatially coherent synthetic data, ultimately
enhancing the classifier's ability to distinguish
between classes in imbalanced datasets.

To rigorously evaluate the effectiveness of our
methods, we conducted extensive experiments on
22 publicly available imbalanced benchmark
datasets using Decision Trees and Random
Forest classifiers. The performance was
assessed using four widely accepted metrics: F-
Score, G-Mean, Accuracy, and Youden’s Index.
Across all metrics and datasets, the proposed
oversampling techniques consistently
outperformed classical methods such as SMOTE,
Borderline-SMOTE, KMeans-SMOTE,
SVMSMOTE, and ADASYN. In particular,
Centroid-based SMOTE and Angular SMOTE
achieved the highest average G-Mean and
Youden's Index scores across both classifiers,
while Adaptive Step SMOTE also delivered robust
and stable results. These outcomes demonstrate
that incorporating geometric awareness into the
oversampling process can significantly improve
classification performance, especially  in
challenging imbalanced learning scenarios.

In conclusion, our findings validate the
feasibility, effectiveness, and generalizability of
the proposed methods across diverse datasets
and classifiers. The improvements observed in
predictive performance suggest that geometry-
aware oversampling holds strong promise for
advancing the state-of-the-art in imbalanced
classification. Future work will explore the
extension of these strategies to multi-class
settings and real-time applications, as well as
their integration with adaptive parameter tuning
mechanisms to further enhance usability
and scalability.
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