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ABSTRACT

Class imbalance remains a significant challenge in classification tasks,
particularly when the minority class exhibits complex internal structures.
This study proposes a unified framework that integrates Incremental
SMOTE-KMeans with a cluster-structured positive class-SVM (CS-PC-
SVM) to jointly address data imbalance and structural heterogeneity. The
proposed method introduces structural alignment between oversampling
and classification by generating synthetic samples only within reliable
clusters and modeling the minority class as multiple subgroups. This design
reduces noise, preserves local data structure, and enables more adaptive
decision boundaries. Experimental results on five benchmark datasets
demonstrate that the proposed approach achieves consistently strong and

balanced performance, with Accuracy up to 0.981, G-Mean 0.969, Precision
0.967, and Recall 0.962, outperforming or remaining competitive with
existing methods. These findings highlight the effectiveness of integrating
structure-guided data generation with structure-aware classification for
improving robustness in imbalanced learning scenarios.

© 2026 The Author(s).
This is an open access article under the CC-BY-SA license.

Structure-aware classification

1. Introduction

Imbalanced data classification remains a critical challenge in machine learning [1], particularly in
applications where minority instances correspond to rare but high-impact events [2]. In such cases,
conventional classifiers tend to be dominated by the majority class [3], leading to poor recognition of
minority patterns [4]. To alleviate this issue, data-level approaches such as Synthetic Minority
Oversampling Technique (SMOTE) have been widely adopted [5], as they artificially balance the dataset
by generating new minority samples through interpolation [6]. However, a fundamental limitation of
SMOTE lies in its lack of structural awareness [7]. Synthetic samples are generated based solely on local
neighborhoods [8], without considering whether those neighborhoods belong to reliable regions of the
feature space [9]. As a consequence, SMOTE may produce samples in ambiguous areas [10], such as
regions near class boundaries [11], overlapping zones [12], or noisy distributions [13]. This not only
reduces the quality of the generated data but can also mislead the classifier during training [14].

To address this issue, it becomes necessary to introduce a mechanism that determines where
oversampling should be performed in a principled manner [15]. In this work, incremental k-means is
utilized precisely for this purpose, not as a clustering objective itself, but as a structural guide for SMOTE
[16]. Specifically, incremental k-means is employed to partition the dataset into localized regions that
reflect the underlying distribution of the data. Within this partitioned space, each cluster can be
interpreted as a region with a certain level of reliability for generating synthetic samples [17].
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Instead of allowing SMOTE to operate indiscriminately across all samples, oversampling is restricted
to clusters that exhibit a sufficient presence of minority instances [18]. These clusters can be interpreted
as safe regions, where interpolation between minority samples is more likely to produce meaningful and
representative synthetic data. In this way, incremental k-means transforms SMOTE from a purely local
interpolation method into a structure-aware data generation process [19]. This integration has two
important implications. First, it significantly reduces the likelihood of generating noisy or misleading
synthetic samples, as the interpolation process is confined to regions that are statistically more reliable.
Second, it improves the diversity of generated samples by distributing them across multiple meaningful
regions of the minority class. Nevertheless, improving data generation alone is not sufficient. A critical
yet often overlooked issue is the internal heterogeneity of the minority class [20]. Most existing studies
primarily focus on balancing class distribution through oversampling techniques [21], but they implicitly
assume that the minority class is homogeneous [22]. Standard classifiers such as conventional SVM
further reinforce this limitation by constructing a single global decision boundary that treats the minority
class as one unified group [23]. This assumption is unrealistic in many real-world scenarios, leading to
suboptimal performance when minority subregions are scattered [24], locally dense, or partially
overlapping with the majority class [25]. To overcome this limitation, this study proposes the
integration of a cluster-structured positive class-SVM (CS-PC-SVM) as the classification component.
Unlike conventional classifiers, CS-PC-SVM explicitly incorporates the structural information derived
from clustering, enabling the minority class to be modeled as multiple subgroups rather than a single
entity. This design allows the decision function to adapt locally to different regions of the feature space,
improving its ability to capture intra-class variability and handle overlapping regions. As a result, the
proposed classifier provides more precise and flexible decision boundaries, particularly in complex
imbalanced scenarios where traditional models tend to fail.

The integration of incremental k-means, SMOTE, and CS-PC-SVM forms a unified and gap-driven
framework that jointly addresses both distributional imbalance and structural heterogeneity. Incremental
k-means identifies the intrinsic subregions of the data, SMOTE leverages this structural information to
perform controlled and context-aware oversampling, and CS-PC-SVM utilizes the same structure to
construct an adaptive classification model. Through this coherent design, the proposed method
effectively resolves the dual limitations of existing approaches, leading to improved robustness and
classification performance. Despite the growing body of research on imbalanced learning, a critical gap
remains in the lack of structural consistency between oversampling and classification stages. Existing
oversampling methods, including clustering-based SMOTE variants, primarily focus on improving data
distribution but do not explicitly align the generated samples with the classifier’s decision mechanism
[26]. Conversely, classifier-level approaches such as cost-sensitive SVM focus on optimizing decision
boundaries but assume that the input data is already well-structured [27]. This separation limits their
effectiveness, particularly when synthetic samples are generated without considering the classifier’s
behavior [28]. Furthermore, although the presence of subgroup structures within the minority class has
been recognized, most existing methods fail to exploit this structure simultaneously during both data
generation and classification [29]. To address these limitations, this study proposes a unified framework
that integrates structure-guided oversampling and structure-aware classification. Incremental k-means
is used to guide region-wise synthetic sample generation, while CS-PC-SVM leverages the same
structural information to construct adaptive decision boundaries. The novelty of this work lies in
establishing a shared structural foundation across both stages, ensuring that the augmented data is not
only balanced but also aligned with the classifier.

2. Method
2.1. Handling Class Imbalance Problem

The class imbalance problem has long been recognized as a critical challenge in classification systems,
as disproportionate class distributions often bias learning models toward the majority class while
degrading performance on minority instances [30]. To address this challenge, a wide range of approaches
have been proposed, which can broadly be categorized into data-level methods, algorithm-level methods,

and hybrid frameworks [31].
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At the data level, oversampling techniques have been extensively studied, with the Synthetic Minority
Oversampling Technique (SMOTE) being one of the most widely adopted methods [32]. However,
classical SMOTE often fails to consider local data structure and density, which may lead to noisy or
overlapping synthetic samples, especially in regions with complex decision boundaries [33]. To mitigate
these limitations, several SMOTE variants have been introduced, including Borderline-SMOTE [21].
While these methods improve minority representation, they still operate locally and do not explicitly
incorporate structural information of the feature space [34]. To better preserve data structure, clustering-
based oversampling methods have gained increasing attention. These approaches integrate clustering
techniques with SMOTE to guide synthetic sample generation within more reliable regions. Cluster-
based SMOTE methods aim to reduce noise by restricting oversampling to clusters with higher minority
density [35]. Among these, Incremental SMOTE-KMeans has demonstrated improved performance by
generating synthetic samples within selected clusters that are considered informative and representative.
However, despite these improvements, clustering-based oversampling methods primarily focus on data
distribution refinement and do not explicitly address how the resulting data structure should be utilized
during classification [17].

At the algorithm level, Support Vector Machine (SVM) has been widely applied to imbalanced
classification due to its strong generalization ability and margin-based learning. Extensions such as
weighted and cost-sensitive SVM improve sensitivity to minority samples by assigning different
misclassification costs. However, these approaches generally assume that the minority class is
homogeneous and rely on a single global decision boundary. In practice, minority classes often exhibit
internal heterogeneity, where samples are distributed across multiple subregions. To address this,
structure-aware approaches, including cluster-based SVM models, have been developed to incorporate
subgroup information and enable more adaptive decision boundaries [36].

In parallel, hybrid methods combining data-level and algorithm-level strategies have been explored,
but most treat oversampling and classification as separate stages, leading to limited effectiveness in
complex scenarios [37]. To address this gap, this study proposes a unified framework integrating
Incremental SMOTE-KMeans and cluster-structured positive class-SVM (CS-PC-SVM). The method
performs structure-guided oversampling within reliable regions while leveraging the same structural
information for classification, enabling better alignment between data generation and decision modeling.
As summarized in Table 1, this approach integrates both distributional and structural aspects, providing
a more consistent and effective solution for imbalanced classification.

Table 1. Comparison of Related Works and Proposed Method

Data-

Method Level s Clnsiteniton Main Limitations
i Awareness Strategy
Balancing
SMOTE [38] Yes No Various Ignores local structure; may generate
noisy samples
Borderline-SMOTE [21] Yes Partial Various Sensitive to noise near decision
boundaries
ADASYN [34] Yes Partial Various May over-emphasize difficult or noisy
samples
Cluster-Based SMOTE Yes Yes Various Static clustering; limited integration
[35] with classifier
Incremental SMOTE- Yes Yes Various Focuses on data generation without
Kmeans [17] classifier adaptation
SVM [36] No No Margin-based Single global boundary; weak on
imbalanced data
Weighted / Cost-Sensitive No No Margin-based No structural awareness of minority
SVM [39] subgroups
Proposed Method Yes Yes CS-PC-SVM Integrated structure-aware learning
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2.2.Incremental SMOTE-Kmeans

Incremental SMOTE K-Means is a structure-aware oversampling approach designed to address class
imbalance by considering the spatial distribution of data within the feature space. The overall stages of

the proposed method are illustrated in Fig. 1, while the detailed procedure is presented in Algorithm 1
[17].
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Fig. 1. Workflow of Incremental SMOTE-KMeans.

The pseudocode of Incremental SMOTE-KMeans is shown in Fig. 2 [17].

Algorithm 1 Incremental K-Means SMOTE

1: Input: Training dataset D = {(x;,7;)}),, imbalance threshold 7, total synthetic sam-

ples G
2: Output: Augmented dataset D9
32 DY e {x; |y, = +1}, D7 {x, |y, = -1} i Separate classes
L F+0 S0
5: Apply Incremental K-Means on D to obtain cluster set C = {C4,Ca, ..., Cuy} [

Partition data into regions
6: for each cluster C'; in C do

T Jompute minority count n;r and majority count n;
. . . n;y +1
8: Jompute region ratio rj +— —
ni+1
9 if nf > 0 and r; < 7 then
10: F + Fu{c;} & Select safe cluster
11: else
12: Discard C} > Majority-dominated or overlapping cluster
13: end if
14: end for
15: for each selected cluster C; in F do
16: Determine the number of synthetic samples g;
17: for ¢ =1 to g; do
18: Apply SMOTE within C; to generate synthetic minority sample ..,
19: S SU{znew}
20: end for
21: end for

22: Construct augmented dataset D9 «— DU {(z,4+1) | 2 € §} © Minority class increases
23: Return augmented dataset D"

Fig. 2. Incremental SMOTE-KMeans

The main stages of the method are described as follows. First, the dataset is partitioned into multiple
localized regions using incremental clustering. This step aims to capture the intrinsic distribution of the
data and enable region-wise analysis instead of treating the dataset as a single global structure. Second,
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each cluster is evaluated based on its class composition. The imbalance level within each cluster is
measured using a region-wise ratio.

n;+1

N (1)
J

I nt+

where 7; denotes the region-wise imbalance ratio, n;" and n;” represent the number of minority and

majority samples in the cluster Cj, respectively. A cluster is considered reliable if it satisfies:
r<T 2)

where 7; denotes the region-wise imbalance ratio, T is a predefined threshold. Clusters that do not satisfy
this condition are excluded from the oversampling process.
Only the selected reliable clusters are used for synthetic data generation. This ensures that the

augmentation process is performed in meaningful regions and avoids introducing noise from overlapping
or majority-dominated areas.

Synthetic samples are generated within the selected clusters using a controlled interpolation strategy:
Xnew = X% + a(Xyn — %), € (0,1) 3)

where X, denotes synthetic samples, @ is the coefficient that controls the position of the synthetic
sample, X, is a minority sample and X, is another minority sample within the same cluster. This
formulation ensures that the generated samples remain consistent with the local data structure.

Finally, the augmented dataset is constructed as:
D =D U {(x,+1)|x € S} G))]

where DI denotes the augmented dataset, x denotes a synthetic data sample, D is an original dataset,
S denotes the set of generated synthetic samples. As a result, the number of minority instances increases
while preserving the structural integrity of the dataset, leading to improved learning performance.

2.3. Cluster-Structured Positive Class-SVM

Cluster-Structured Positive Class-SVM (CS-PC-SVM) is employed to incorporate subgroup
information into the classification process, ensuring that the learned model remains aligned with the
underlying structure revealed during earlier stages, as can be seen in Fig. 3 and the pseudocode in

Algorithm 2 (Fig.4) [40].
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Fig. 3. Workflow of Cluster-Structured Positive Class-SVM
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Algorithm 2 Cluster-Structured Positive Class-SVM (CS-PC-SVM)

1: Input: Training dataset D = {(x;, ¥;)}}_,, number of positive clusters K, penalty
parameters (C~, C;}, C;}), learning iterations T’

: Output: Trained CS-PC-SVM classification model
: DY {x; |y =+1}, D" « {x; | y; = -1} > Separate classes
Ce0

: Partition D' into K clusters
: for each cluster C; in positive class do
Compute centroid p
Assign cluster label z; « k for all x; € Cy
92 Add Cr to C
10: end for
11: Construct structured training set D* = {(x;, v;, z;)} > Add subgroup structure
12: for each (x;, v;,z;) € D* do
13: if y; = —1 then

14: w; « C~

15; else if y; = +1 and x; is original then
16: w; « CF

17: else

18: w; « CF

19: end if

20: end for

21: Initialize SVM parameters: w < 0, b « 0
22: fort=1to T do
23: for each (x;, v;, z;) € D* do

24: if y;(w”x; + b) < 1 then
25: w e w— n(Aw — w;y;x;)
26: b« b+ nw;y;

27: else

28: we w—nAw

29: end if

30: end for

31: end for

32: Return trained CS-PC-SVM (w, b) and classify new sample by

9 = sign(w’x + b)

Fig. 4. Cluster-structured positive class-SVM algorithm.

In imbalanced classification problems, the minority class often exhibits internal heterogeneity, where
samples are distributed across multiple subregions. To address this limitation, this study proposes a
Cluster-Structured Positive Class-SVM (CS-PC-SVM), which incorporates subgroup information of
the minority class into the learning process to better model its intrinsic distribution.

Given a training dataset:
D ={(x;, y)}L, x; € 9%y, € {—1,+1} Q)

Here, D = {(x;,y:)}}_, denotes the dataset, where x; € 9 represents the i-th data sample as a d-
dimensional feature vector and y; € {—1, +1} denotes its corresponding class label.
The dataset is separated into positive and negative subsets:

D* = {x;ly; = +1}, D™ = {x;]y; = —1} (6)

Here, D* = {x;|y; = +1} and D~ = {x;|y; = —1} denote the subsets of the dataset corresponding to
the positive (minority) and negative (majority) classes, respectively.
The positive class D* is further partitioned into X cluster.

D* = UK_, Cy )

Here, D = UX_; Cy denotes that the positive class is partitioned into K clusters, Where each cluster
Cy, represents a subgroup of the minority class.

Each sample x; € D* is assigned a cluster label:
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z €{1,2,..,K} (®)

Here, z; € {1,2, ..., K} denotes the cluster label assigned to each sample x; € D, indicating its
membership in one of the K clusters.

This clustering process allows the model to capture the internal structure of the minority class.

To incorporate both class imbalance and subgroup structure, a weighted SVM formulation is adopted.
Each sample is assigned a penalty weight w;.

Coyi=-1,
w; ={CS,y; = +1 (Original Samples) )
CS = +1 (Synthetic Samples)

Here, w; denotes the penalty weight assigned to the i-th sample, y; represents the class label of the
sample (with y;=+1 for the minority class and y;=—1 for the majority class), and C~, Cg, and C§ are the
penalty parameters controlling the misclassification cost for majority samples, original minority samples,
and synthetic minority samples, respectively.

Subject to:
ywTo(x) +b)=1- § & =20,i=1,..,N (10)

Here, w denotes the weight vector of the separating hyperplane, @(x;) represents the feature
mapping of sample x; into the transformed space, b is the bias term, and &; is the slack variable that
allows margin violations for the i-th sample.

After solving the optimization problem, the decision function is obtained as:
fO) = XLy aiyiK (xi, x) + b (11

where a; are the Lagrange multipliers, X(-,) is the kernel function, x; are the support vectors from
the training data, y; are their corresponding class labels, and b is the bias term.

A new sample x is classified as:

 (+Lf(x) =0
{—1.f(x) <0 (12)

where 9 denotes the predicted class label and f(x) is the decision function.

2.4. Proposed Method

The proposed method leverages incremental SMOTE-KMeans to generate reliable synthetic samples
and employs CS-PC-SVM to capture the internal structure of the minority class for improved
classification performance. Fig. 5 illustrates the overall workflow of the proposed method. The process
begins with an incremental clustering stage, where the dataset is partitioned into localized regions to
capture its intrinsic distribution. This step enables the identification of meaningful data structures rather
than treating the dataset as a homogeneous space.

In the next stage, oversampling is performed in a selective manner by focusing only on reliable regions
that contain sufficient minority samples. Following the data augmentation process, the classification
stage employs a cluster-structured positive class-SVM (CS-PC-SVM), which incorporates subgroup
information derived from clustering.
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Fig. 5. Workflow of Proposed Method

The pseudocode of the proposed method is shown in Fig. 6.

Algorithm 3 Proposed Method

Require: Dataset D = {(x;,y:)}N,
Ensure: Trained classification model
// Stage 1: Incremental Clustering
Partition D into clusters C = {C;, C2, ..., Ck} using incremental K-Means
// Stage 2: Region Selection
for each cluster Cx do
Evaluate minority proportion in C
if Cy is reliable (high minority, low overlap) then
Add C¢ to selected clusters C*
end if
9: end for
10: // Stage 3: Incremental SMOTE
11: for each cluster Cx € C* do
12: Generate synthetic samples among minority instances in Ci
13: end for
14: Construct augmented dataset D’
15: // Stage 4: Structure-Aware Classification
16: Partition minority class in D’ into subgroups
17: Train CS-PC-SVM using structured dataset D’
18: // Stage 5: Prediction
19: Classify new samples using trained model
20: return trained CS-PC-SVM model

% 21 Oy dlul 0 e

Fig. 6. Algorithm of the proposed method

2.5. Classifier Performance

Classifier Performance will be measured using the Accuracy, G-Means, Precision, and Recall. This
classifier performance measurement is carried out based on the confusion matrix which can be seen in

Table 2 [41].

Table 2. Confusion Matrix

Predictive Positive Class Predictive Negative Class
Actual Positive Class True Positive (TP) False Negative (FN)
Actual Negative Class False Positive (FP) True Negative (TN)

The Accuracy, Accuracy, Precision, and Recall calculations can be seen in the following equation:
e—
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- |
Accuracy = L — (13)
TP+TN+FP+FN
G — Mean = x| (14)
\/ TP+FN \’TN+FP
Precision = — (15)
TP+FP
Recall = —— (16)
TP+FN
3. Results and Discussion
3.1. Dataset
The dataset used in this study can be seen in Table 3 [41].
Table 3. Dataset
Dataset Instances Minority Instances Majority Instances Imbalance Ratio
Ecoli_0_vs_1 220 77 143 1.857
Glassl 214 76 138 1.816
Iris 150 50 100 2
Segment() 2308 329 1979 6.015
Yeastl 1484 429 1055 2.495

The datasets consist of five benchmarks with varying sizes and imbalance levels. Ecoli_0_vs_1 and
Glass1 exhibit moderate imbalance, while Iris has a balanced-to-moderate ratio. Segment shows the
highest imbalance, and Yeastl presents a moderate imbalance level. These variations are important as
class imbalance can significantly affect model performance, often biasing classifiers toward the majority
class.

3.2. Testing for Performance

The results can be seen in Table 4-8.

Table 4. Performance for Dataset Ecoli_0_vs_1

Proposed Method Borderline-SMOTE ADASYN Cluster-Based SMOTE

Accuracy 0.977 0.967 0.923 0.969
G-Mean 0.949 0.938 0.917 0.929
Precision 0.949 0.944 0.921 0.931

Recall 0.938 0.927 0.931 0.913

The proposed method demonstrates superior and well-balanced performance across all metrics,
reflecting its effectiveness in improving both overall accuracy and minority class recognition. The
heatmap further confirms its consistent behavior, indicating a reliable trade-off between precision and
recall for handling imbalanced datasets such as Ecoli_0_vs_1 (Fig. 7).

Table 5, the proposed method demonstrates more consistent performance across all metrics, while
other methods exhibit fluctuations by performing well in certain metrics but not in others, indicating
less stable handling of imbalanced data.

Table 5. Performance for Dataset Glassl

Proposed Method Borderline-SMOTE ADASYN Cluster-Based SMOTE
Accuracy 0.966 0.965 0.964 0.971
G-Mean 0.948 0.949 0.977 0.935
Precision 0.956 0.951 0.929 0.933
Recall 0.939 0.925 0.937 0.929

The performance comparison is clearly illustrated in Fig. 8, which visually highlights the consistency

and effectiveness of the proposed method across all evaluation metrics.
[
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Fig. 7. Performance for Dataset Ecoli_0_vs_1 Fig. 8. Performance for Dataset Glassl

For the Iris dataset, the proposed method demonstrates a more balanced and stable performance
across all evaluation metrics, indicating its ability to maintain consistency without favoring specific
aspects of classification compared to the other methods (Table 6). The heatmap shows that the proposed
method achieves consistently strong and well-balanced performance across all metrics on the Iris dataset
(Fig. 9), demonstrating its robustness and eftectiveness in handling imbalanced classification.

Table 6. Performance for Dataset Iris

Proposed Method Borderline-SMOTE ADASYN Cluster-Based SMOTE

Accuracy 0.981 0.969 0.968 0.979
G-Mean 0.969 0.961 0.965 0.967
Precision 0.967 0.957 0.955 0.959

Recall 0.961 0.954 0.949 0.954

Based on Table 7, in Dataset Segment(), the proposed method shows a more effective trade-off
between accuracy and minority class detection, whereas other methods tend to emphasize certain metrics
at the expense of others, indicating less balanced performance, as can be observed in the heatmap in Fig.
10, where its performance appears more uniform compared to the other methods.

Table 7. Performance for Dataset Segment()

Proposed Method Borderline-SMOTE ADASYN Cluster-Based SMOTE

Accuracy 0.957 0.949 0.948 0.958
G-Mean 0.958 0.951 0.943 0.957
Precision 0.949 0.946 0.947 0.945

Recall 0.954 0.947 0.952 0.951

0.958
0.980

Accuracy Accuracy 0.956

0.975

0.954

0.970
G-Mean
0.952

0.965
0.950

Precision Precision

0.960 0.948

0.955 0.946

Recall

0.944
0.950

o 1 S otE o8 e AN ote
W = B s . e MO B t
pwvvd‘eﬂ (et y * C\osterﬁas ¢ 0% o aoxaet™ ’ . C\\mm-sas 0%
Fig. 9. Performance for Dataset Iris Fig. 10. Performance for Dataset Segment()
L ree—
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Based on Table 8, in Dataset Yeastl, the proposed method shows a more harmonious performance
across all metrics, avoiding significant trade-ofts observed in other methods, as can be seen in the
heatmap in Fig. 11.

Table 8. Performance for Dataset Yeastl

Proposed Method Borderline-SMOTE ADASYN Cluster-Based SMOTE

Accuracy 0.969 0.951 0.952 0.961
G-Mean 0.963 0.952 0.947 0.961
Precision 0.961 0.953 0.951 0.954
Recall 0.962 0.953 0.949 0.953
0.9675
Accuracy 0.969
0.9650
0.9625
G-Mean 0.9600
0.9575
Precision 0.9550
0.9525
Recall 0.9500
0.9475
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Fig. 11. Performance for Dataset Yeastl

3.3. Discussion

The experimental results across multiple benchmark datasets demonstrate that the proposed method
consistently achieves competitive and, in most cases, superior performance compared to existing
approaches. Beyond numerical comparisons, the heatmap visualizations in Figs. 7-11 provide clearer
insight into the behavior of each method. A consistent pattern observed across these figures is that the
proposed method exhibits a more uniform intensity distribution across all metrics, indicating stable and
balanced performance rather than excelling in only specific aspects. This balanced behavior is mainly
attributed to the structural alignment between data generation and classification. By generating synthetic
samples only within reliable regions, the proposed method reduces the risk of noise and class overlap.
This effect is visually evident in Fig. 7 and Fig. 11 (Ecoli_0_vs_1 and Yeastl), where the proposed
method shows consistently strong responses across all metrics, while other methods display more uneven
patterns, reflecting trade-offs between accuracy and minority detection.

In contrast, Fig. 8 and Fig. 10 (Glass1 and Segment) reveal a different trend. Although some methods
achieve higher intensity in specific metrics (e.g., Accuracy or G-Mean), their overall patterns appear less
uniform, indicating performance instability. The proposed method, while not always achieving the
highest single metric, maintains a more consistent distribution across all metrics. This suggests that its
advantage lies in stability rather than isolated performance gains, particularly in datasets with more
overlapping or complex structures.

Despite these strengths, the proposed method depends on the effectiveness of the clustering process.
Inaccurate clustering may lead to suboptimal region selection, which can affect synthetic data quality.
Additionally, the integration of clustering and structured classification increases computational
complexity. The heatmaps also suggest that in highly overlapping datasets, the advantage of structure-
guided oversampling may be less pronounced, indicating a limitation in highly noisy environments.

Overall, both numerical results and visual patterns consistently indicate that the proposed method
provides a more stable and balanced performance across different datasets. Its effectiveness is most
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evident when the minority class exhibits meaningful structural patterns, making it a robust approach for
imbalanced classification problems.

4. Conclusion

This study proposes a unified framework for imbalanced data classification by integrating Incremental
SMOTE-KMeans with a cluster-structured positive class-SVM (CS-PC-SVM). The main contribution
of this work lies in establishing a structural consistency between data-level and algorithm-level
approaches. Specifically, incremental clustering is used to guide region-based oversampling, while the
classification stage leverages the same structural information to model the minority class as multiple
subgroups. This alignment ensures that synthetic data generation and classification are coherently
integrated rather than treated as independent processes. Experimental results across multiple benchmark
datasets demonstrate that the proposed method consistently provides strong and balanced performance
in terms of Accuracy, G-Mean, Precision, and Recall. In particular, the method shows clear advantages
in maintaining minority class representation while avoiding excessive bias toward the majority class.
Despite these promising results, several limitations remain. The performance of the method is influenced
by the quality of clustering, which may affect the identification of reliable regions for oversampling. In
addition, the integration of multiple components introduces additional computational overhead, which
may limit scalability for large-scale datasets. Future work will focus on enhancing the adaptability and
efficiency of the proposed framework. Specifically, adaptive mechanisms for automatically determining
the optimal number of clusters and region selection thresholds will be investigated. In addition,
incorporating density-based or uncertainty-aware strategies for cluster evaluation could further improve
the reliability of synthetic sample generation. Finally, exploring alternative structure-aware classifiers,
such as ensemble-based or graph-based models, may further enhance performance in complex
imbalanced scenarios.
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