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Abstract

Multiclass imbalanced classification is much harder than binary classification because of the major challenges with data sets,
including high dimensionality, class overlap, noise, small disjuncts, and a small number of minority class samples. The
oversampling technique is largely used to address class imbalance issues. Several oversampling approaches such as SMOTE,
ADASYN, Borderline-SMOTE, etc., heavily rely on the k-nearest neighbors (KNN) algorithm, which classifies samples based on
the majority class of their selected k-nearest neighbors. Additionally, the Euclidean distance measure imposes further restrictions
on the classification process. Due to these concerns, we propose a new hybrid approach called KFCGAN-OVO, which is
specifically made for multiclass imbalanced problems, and it does not rely on SMOTE, k-nearest neighbors' selection, or Euclidean
distance. The proposed approach employs a Kalman filter for noise reduction and data smoothing; a Conditional Generative
Adversarial Network (CGAN), a generative model that generates realistic synthetic data based on given conditions or labels, for
dataset balancing; and a one-vs-one (OVO) data decomposition technique to manage high dimensionality. KFCGAN-OVO's
effectiveness is analyzed on several measures of data complexity, performance, and computational costs. The results indicate that
it outperformed its competitors on all measures.

Keywords- Multiclass imbalance, Data complexity, Generative adversarial network, Kalman filter, OVO decomposition.

1. Introduction

Most attempts to date have merely addressed the imbalance between the two classes. One of two types of
multiclass can be seen in an imbalanced dataset: multimajority cases, which have a minority and several
majority classes, or multiminority cases, which have a majority and several minority classes. Such problems
may involve numerous minority classes and majority classes. Concerns of multiclass imbalance persist in
real-world applications (Wang & Yao, 2012). Learning classifier ensembles using rebalanced data is a
popular method. Both undersampling and oversampling of the majority class and minority class samples,
respectively, are examples of bootstrap averaging, or bagging. Rebalancing techniques, however, may
introduce their biases by making unequal changes to the examples of various classes. Moreover, these
methodologies often necessitate a priori (pre-learning) delineation of the pertinent performance metric
(Wang & Awang, 2025). One of the main issues that many popular Machine learning algorithms face is
class imbalance, which is defined as an imbalance in the frequency of classes. This difficulty prompted the
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creation of numerous strategies to address the disparity between classes (Altalhan et al., 2025; Cemernek
et al., 2024). Compared to binary imbalance problems, multiclass imbalance problems are more difficult to
learn and have fewer study findings. To solve issues with data imbalance, resampling techniques are
frequently used. Current resampling techniques, primarily designed for binary imbalance datasets, exhibit
notable limitations when applied to multiclass imbalance datasets (Wang & Awang, 2024). Traditional
classification methods tend to underrepresent minority classes while favoring majority classes, which may
be significant in a number of applications. The existence of label noise makes this classification problem
much worse by making it more difficult to determine the best decision borders between classes and possibly
causing model overfitting (Brishti et al., 2025). Machine learning (ML) techniques are increasingly being
used in various sectors, including disease prediction (Ganie & Pramanik, 2024; Kannan et al., 2025), fraud
detection (Martinez et al., 2025), anomaly detection (Shana et al., 2025), fault diagnosis (Geetha &
Geethanjali, 2024), etc., due to their capacity to identify solutions among the intricate interactions of
variables. Nevertheless, the size and distribution of the data used to train prediction models have an impact
on them. Due to the rarity of class interest, class imbalance is a prevalent problem in these applications
(Bae et al., 2025).

The Synthetic Minority Oversampling Technique (SMOTE) (Chawla et al., 2002) and Generative
Adversarial Network (GAN) (Goodfellow et al., 2014; Mirza & Osindero, 2014) are two of the most popular
approaches to address class imbalance issues in data sets. However, the limitations of the current methods
have prompted the development of novel variants to address these problems (Udu et al., 2025). The SMOTE
preprocessing method is considered the “de facto” standard when learning from imbalanced data. Several
SMOTE variants have developed since its inception, but in the current scenario, it is incapable of dealing
with small disjuncts, noise, data scarcity, overlaps, data shifts, and the issue of dimensionality in the
multiclass data sets (Fernandez et al., 2018). The majority of synthetic oversampling techniques create
synthetic instances inside the convex hull formed by the existing minority instances because they focus on
the minority class and disregard the wealth of information offered by the majority class. Additionally, they
frequently perform poorly on highly imbalanced data because there are fewer minority cases, which means
there is less material to create synthetic instances from (Khorshidi & Aickelin, 2025). In artificial
intelligence (Al), generative adversarial networks (GANs) are one of the most researched topics. Their
exceptional ability to generate data has drawn a lot of interest (Pan et al., 2019). Artificial intelligence is
seeing an increase in real-world applications, but it also brings with it several hidden problems (Cemernek
et al., 2024). Class imbalance constantly plagues machine learning, as datasets often lack sufficient samples
for minority classes. Current solutions frequently create artificial data to address this problem, but they
usually have trouble handling complex data distributions, mainly because they prioritize oversampling the
minority class while ignoring its interactions with the majority class (Wang et al., 2025). A high degree of
similarity can raise the risk of re-identification; however, synthetic data is intended to preserve statistical
similarities to the original data while protecting sensitive information (Min & Oh, 2025). To address the
issues of SMOTE, the authors introduced a hybrid SMOTE-AAE resampling method. In this method,
SMOTE first generates artificial samples for the minority class. Then, an Adversarial Autoencoder (AAE)
refines these samples to balance the datasets. The results indicate that this SMOTE-AAE works better than
other methods, especially for large imbalanced binary datasets (Rawat et al., 2026).

The structure of the paper is as follows:

Section 1: Provide the paper's introduction.

Section 2: This section contains related work.

Section 3: This section discusses materials and methods.

Section 4: This section contains the proposed work.

Section 5: The different performance metrics for multiclass problems are covered in this section.
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Section 6: This section presents the findings and discussions.
Section 7: This section provides the conclusion and recommendations for the future.

2. Related Work

Based on Mahalanobis distance (Ghorbani, 2019; Xie & Huang, 2024), a novel oversampling methodology
known as MDO (Mahalanobis Distance-based Oversampling technique) generates synthetic samples that
are equivalent in distance from the considered class mean to other minority class cases. It seeks to resolve
the novel problems that multiclass skewed distributions provide. MDO more effectively addresses the class
overlapping issues, a major problem in multiclass imbalance scenarios. Its performance is assessed on small
datasets and only supports numerical attributes (Abdi & Hashemi, 2016). A novel Synthetic Minority
Oversampling Method (SMOM) is proposed based on k-nearest neighbor selection to address multiclass
imbalance issues. SMOM supports only continuous features when working with imbalanced data sets with
nominal and ordinal attributes (Zhu et al., 2017). PT-bagging was suggested as a simple plug-in approach
for imbalanced classification. The approach has two limitations: (1) it does not examine suitability in
dynamic cost contexts; and (2) it ignores intrinsic data properties for handling difficult scenarios, including
small disjuncts (Collell et al., 2018). The difficulty of the multiclass classification can be reduced by
decomposing the original multiclass problem into binary class problems by using the One-vs-One (OVO)
decomposition strategy. The authors introduce a novel approach, Distance-based Relative Competence
Weighting with Adaptive Synthetic Example Generation (DRCW-ASEG), that successfully tackles the
imbalance issue. It is inappropriate for handling large imbalanced multiclass problems (Zhanget al., 2018).
The performance of the classification can be more affected by learning from the imbalanced data with other
complex issues such as noise, overlapping class distribution, and small disjuncts. Most research in the area
of imbalance learning focuses on binary classification problems; the more critical multiclass problems
remain mostly unresolved. This paper presents the novel oversampling technique called Multiclass
Combined Cleaning and Resampling (MC-CCR), a data pre-processing technique for imbalanced
multiclass data sets that combines instance cleaning and resampling methods to improve class distribution
and reduce noise prior to the model training. Unlike SMOTE, MC-CCR models the region-wise
oversampling using an energy-based approach that is less affected by small disjuncts and outliers. The
majority of instances that are close to the minority instances are not addressed (Koziarski et al., 2020). The
use of several techniques to address data imbalance, particularly neighborhood-based oversampling
algorithms based on SMOTE, may be restricted by data difficulty factors such as small disjuncts, the
existence of outliers, and a lack of training observations. Radial-Based Oversampling (RBO) (Koziarski et
al., 2019) can mitigate the drawbacks of neighborhood-based approaches. Based on the idea of mutual class
potential, this work suggested a novel undersampling algorithm called Radial-Based Undersampling (RBU).
The RBU method is a better option than the radial-based oversampling algorithm since it is easier to
understand and uses less computing power. When the dataset has a limited number of rare and outlier
minority cases, RBU performance goes down (Koziarski, 2020). Multiclass imbalance and concept drift
have made a number of real-world applications more difficult. This paper presents Class-Aware Labeling
for Multi-class Imbalanced Data (CALMID), a complete active learning method for streaming data with
multiple classes that are not evenly distributed (Liu et al., 2021). The standard approach to address problems
with multiclass imbalance is to use data resampling, which either oversamples instances of the minority
class or undersamples instances of the majority class. Oversampling can cause an overfitting problem, but
undersampling can mean losing some critical information. The authors suggest a new method called
Cluster-based Hybrid Sampling for Imbalanced Data (CBHSID) to fix these issues. One of the problems
with the recommended method is that it wasn't tested on noisy data (Palli et al., 2022). The dynamic nature
of real-world systems is a significant challenge for deployed predictive machine learning (ML) models.
Changes made to the system that trained the machine learning model over time could make the system work
less well. Recent advancements in the examination of dynamic environments have predominantly focused

1794 | Vol. 11, No. 4, 2026



Rawat et al.. KFCGAN-OVO: A Novel Kalman Filter-Integrated CGAN Approach for ...

on identifying and addressing the transitions induced by a phenomenon termed concept drift (Bayram et al.,
2022).

The crucial area of research in online supervised learning is rapidly evolving data streams, including
manufacturing, health, and the environment. The class imbalance that frequently exists in these sectors may
affect class distributions. Researchers don't accord enough consideration to multiclass imbalanced
situations with different levels of imbalance in evolving streams. To bridge this knowledge gap, this study
introduces the Dynamic Queues (DynaQ) algorithm for online learning in multiclass imbalanced
environments. The algorithm does not address extremely skewed distributions, where minority examples
may appear in spurts (Sadeghi et al., 2023). This paper focuses on the complex issues of concept drift,
fluctuating multiclass imbalance, a constrained label cost budget, and one-by-one processing. Although the
MicFoal architecture for classifying online network traffic proposed in this paper is based on active learning,
it does not yet have a concept drift detector for situations involving multiclass imbalance (Liu et al., 2023).
Complex data characteristics found in real-world data for multiclass classification problems frequently
result in lower classification results. A heterogeneous feature space that increases the number and
complexity of class patterns and a high degree of multiclass imbalance within the data present significant
analytical hurdles. Current classification or data pre-processing methods only address one of these two
issues separately. In their innovative classification approach, the authors specifically address the issues of
heterogeneous feature space and multiclass imbalance. The suggested approach has the limitation of
requiring a hierarchical taxonomic structure to create homogeneous sample subsets (Hirsch et al., 2023).
The imbalance ratio, along with other factors that make data harder, like class overlap or breaking up a
minority class into numerous sub-concepts, has a big effect on how well the classification works. This paper
presents GMMSampling, an innovative resampling method that concurrently oversamples each subconcept
of the minority class while eliminating class-overlapping regions from majority class instances, leveraging
insights on data difficulty characteristics. It uses Gaussian Mixture Models (GMM) to get close to the
distribution of the minority class. However, fittinga GMM becomes much more expensive as the data gets
more complicated because its models only work with numbers (Naglik & Lango, 2024). Oversampling is a
common technique for class balancing that advances the training data's generalization. More naive methods
have the potential to insert additional biases into the data, and they are particularly vulnerable to errors in
the training data—a challenge given the typically noisy data collected in the healthcare industry.
Particularly with high-dimensional data, this is an issue. To enhance other less sophisticated generative
methods, a generative adversarial network-based technique is suggested for producing synthetic samples
from small, high-dimensional data (Cusworth et al., 2024). Multilabel classification research mainly
concentrates on learning from each instance that can be associated with multiple classes or labels. It can be
challenging to adapt single-label approaches to multilabel learning to address the class-imbalance problem
because many of their core concepts are hard to transfer. This paper proposes to use evolutionary
computation to oversample the minority class and undersample the majority class for multilabel problems.
This method has the hidden effect of reducing the datasets' size because of its undersampling capability
(Garcia-Pedrajas et al., 2024). This paper proposes an HSSADL-CAC method for dealing with data that is
not evenly distributed across classes, together with a perfect DL model for finding cyberattacks. It has
problems with scalability and real-time performance, especially in big or changing contexts (Alabduallah
et al., 2024). To solve the problem of multiclass imbalance in identifying internet traffic with noise and
overlaps, a hybrid method that used membership-density oversampling was suggested. The method may
not work well when dealing with datasets that are high-dimensional and unbalanced (Hartono & Syah,
2024). This paper proposes a semi-supervised variational bi-directional sampling (SVBDS) technique
exclusively applicable in the electric power sector to mitigate the effects of imbalanced data on accurate
electric power failure identification (Qin et al., 2024). The MKC-SMOTE approach successfully resolves
multiclass imbalance problems and significantly enhances classification performance. However, the
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method may face challenges, including determining a suitable value for k in k-nearest neighbors and
handling the extremely small number of minority class samples (Wang & Awang, 2024). Localized
Ensemble Learning (LEL) was described as a principled approach that simultaneously addresses the three
fundamental imbalances of quality, distance, and neighborhood by adapting sampling and learning to safe,
borderline, and rare minority circumstances. There are still limits to computational complexity for big
databases (Olabisi et al., 2025). To address class imbalance in tabular data, this study introduces Conditional
Variational Autoencoders supplemented with contrastive learning (CTVAE), a novel method. However, it
is only applicable in situations involving tabular data (Wang et al., 2025). The GDHS approach broadens
the generalization of minority samples and methodically handles overlapping regions to enhance
classification performance for multiclass imbalanced datasets. While an adaptive number of k is selected
based on the dataset, a fixed value of k (i.e., k=5) is utilized for the k-nearest neighbors’ selection (Yan et
al., 2025). Multiclass imbalanced datasets can be efficiently classified using the OCH-SMOTE algorithm.
However, the technique may encounter difficulties with datasets that have a significant degree of class
imbalance, small classes (with fewer than five samples each), and class overlap. Because it uses the OVO
decomposition approach, this algorithm may be computationally costly (Wang & Awang, 2025). Both
binary and multiclass imbalance problems are successfully handled by SOMM, which can efficiently
produce a variety of synthetic cases inside the minority data space for actual data sets. SOMM is useful at
many levels, especially when handling a limited number of minority instances. The capacity of SOMM to
produce synthetic instances is constrained when the majority class is dispersed throughout the data space
and the spaces of the majority and minority classes significantly overlap (Khorshidi & Aickelin, 2025).
This study introduces the novel oversampling algorithm SMOTE-CLS, which is dependent on the
advantages of SMOTE and VAE. Compared to conventional oversampling methods, this merger makes
training more complex. Its suitability for multiclass tasks is questioned since it can be difficult to modify
the latent space according to the confusion matrix in such a scenario (Hong et al., 2025).

Table 1 lists the advantages and limitations of the various techniques for dealing with imbalanced
multiclass problems. To address the challenges and concerns mentioned in this section, we define our
research objectives (ROs) as follows:

RO1: Several methods for handling class imbalances rely on Euclidean distance and k-nearest neighbor
selection, both of which have notable limitations (Suwanda et al., 2020; Zhang, 2021). How can the
challenges of imbalanced multiclass problems be effectively addressed without depending on these
approaches?

RO2: Compared to binary-class imbalanced datasets, multiclass imbalanced datasets are considerably more
challenging to handle. How can we efficiently classify multiclass problems that are high-dimensional,
exhibit class overlap, or suffer from severe class imbalance?

RO3: The difficulty of multiclass problems is generally high, and quantifying this difficulty across all

complexity measures is challenging. How do balancing techniques perform when confronted with the
challenges posed by such problem difficulty, particularly in terms of data complexity?
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Table 1. Compare some of the most recent approaches to address multiclass imbalance issues.
Reference Method Technology used Advantages Limitations
Abdi & Hashemi Friedman tgst, KNN.’ C45, Reduce the risk of overlapping It . does not handk norpmal and
2016 MDO Mahalanobis distance, bet different cl mixed-type(numeric/nominal)
(2016) ROS, SMOTE, ADASYN | between different classes. attributes.
Zhuetal. 2017) | SMOM k.—NN,. NBDOS, two-round To deal with multiclass | It 01-11y suitable to handle continuous
filtration imbalanced problems. attributes.
Naglik & Lango GMMS . Data difficulty To deal with multiclass IF s .unable to capture intricate
ampling . situations where minority classes
(2024) factors imbalance data. .
overlap significantly.
Guan et al Mel-Frequency  Cepstral ;Zssad?rfgzl;;]:e pfrt:(liem;m:lfl The data are collected only from the
’ MFCC-GAN Coefficient (MFCC), GAN . . simulation platform of the oil and
(2024) sample sizes in pipeline fault .
diagnosis gas pipeline network.
Hybrid Salp Swarm . . . - .
Alabduallah ct Algorithm (HSSA), Deep To addressA class imbalance in | Limited scalz}blhty anq run-time
HSSADL-CAC . . data handling for cyberattack | performance in dynamic or large-
al. (2024) Extreme Learning Machine detection scale scenarios
(DELM) model, ADASYN ) )
Olabisi et al. ;?::;ﬁig DKeT\chi’on R]grr;gomXGlgogsz:, A localized approach toaddress | The computational complexity of
(2025) leaming (LEL) and Naive Bay’es ’ | class imbalance problem. large datasets still has limitations.
Asmat et al Spectra Reduce majority class bias and }])):r?i)culalfl?/mm(g,‘-(])br?;iet(iionarln()déllig
2025 ' Balance GAN Conditional GAN (CGAN) Improve Classification for (CGAN) dels—take 1 ¢
) (SB-GAN) Hyperspectral Imaging (HSI). un models—ake fonger fo
Ramachandra & . Improve loan defaulter | For large-scale privacy-preserving
Vaithiyanathan S;gf;;SDG_ Xllirtl(;l:r[liz,ders CT (“ZVA?\IAN’ prediction by creating synthetic | synthetic data generation, efficiency
(2025) ? data. and scalability are constrained.
Synthetic

Khorshidi & Oyersar'nph.ng Min-Max Normalization, Both binary and multiclass There is substantial overlap between
Aickelin (2025) with Minority MDO, SMOM, | imbalance problems can ) be the spaces of the majority and
and Majority GMMSampling, HCE- | addressed with low time L
. minority classes.
classes MCD complexity.
(SOMM)
One-Class Computationally expensive.
Wang & Awang One-vs-One (OVO) . Datasets with extremely small
Hypersphere e To address multiclass .
(2025) decomposition, CH- . classes (less than five samples per
SMOTE (OCH- imbalanced datasets. i .
SMOTE) SMOTE class) could be difficult for it to

handle.

Hong et al
(2025)

SMOTE-Class-
Level Sampling
(SMOTE-CLS)

SMOTE, Variational
Autoencoder (VAE)

It was robust to noise and
greatly enhanced the minority
class's classification
performance.

It is only applicable to multi-class
tasks and has a higher
computational cost than traditional
methods.

Wang et al
(2025)

CTVAE

Variational Autoencoders
(VAE) Contrastive
leaming techniques.

Addresses the class imbalance
issues in tabular data.

It is inapplicable to datasets with
intricate structures and a variety of
domains.

3. Materials and Methods

3.1 Generative Adversarial Network
Classic Generative Adversarial Networks (GANs) (Creswell et al., 2018) are expanded upon by Conditional
Generative Adversarial Networks (CGANs) (Mert, 2023), which give both the discriminator and generator
additional information, such as class labels or data attributes. Because of this conditioning, the model can
generate data that is consistent with predefined standards and realistic. While the generator learns to
produce data samples conditioned on this input, the discriminator evaluates the original data's authenticity
and conformance to the condition. This technique is particularly effective for applications such as image-
to-image translation, text-to-image synthesis, and data augmentation. Let
xX~Pyata (X) be a real data sample.
z~P,(z) be a latent noise vector.
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y € Y be the conditional variable (e.g., class label).

The generator learns a mapping: G: (z,y) - x' = G (z,y), where x' is a synthetic sample conditioned by
y. The discriminator evaluates whethera sample is real or fake given by y, D: (x,y) — [0, 1], where D (x,
y) presents the probability that x is real under condition y.

The following is the updated objective function:
ming maxpV (D,G) = Ex-p,,, logD (x|y)] + E,-p, [log(1 — D (G (zly)Iy))] (1)

In the fundamental design, the discriminator D and generator G regularly play a minimax game when an
input, y (such as a class label or image), is added. More control over the data generation process is possible
with this formulation than with traditional GANs (Mirza & Osindero, 2014). Figure 1 shows the
fundamental CGAN design. A sufficient amount of data is usually required to properly train deep learning
(DL) classifiers without an overfitting issue. In such cases, generative networks may be used when a
massive amount of data is required. The data collection process is problematic due to several constraints.
To enhance the accuracy of the DL classifier in situations where the sample size is inappropriate, CGAN
can generate synthetic samples of a particular category. The proposed method integrates a CNN classifier
with a CGAN to enhance accuracy through data augmentation (Wickramaratne & Mahmud, 2021). In
reference to network intrusion detection, this research examines the problem of anomaly detection in
imbalanced situations in datasets. This introduces a novel approach to anomaly detection that addresses the
problem of class imbalance by applying both data-level and algorithm-level methods. This approach
combines the auto-learning capabilities of reinforcement learning with the oversampling capability of a
CGAN. The paper also investigates the effects of CGAN-based oversampling on the classifiers LR, RF,
MLP, and NB to determine how well a CGAN can perform on imbalanced classification problems.
Experimental findings show that the proposed method using CGAN-based oversampling in general
outperforms current oversampling techniques, such as ADASYN and synthetic minority oversampling
(Ahsan et al., 2022). The drawbacks of traditional Intrusion Detection Systems (IDS) in handling irregular
data and the problem of missing attack categories are handled by a proposed intrusion detection technique
using CGAN. The attack instances produced by the CGAN are arbitrarily distributed within a predetermined
range and closely resemble the pattern of the input data to prevent data from mechanical expansion from
being repeated. CGAN makes attack instances that roughly match the distribution pattern of the input data
and are randomly spread out within a set range to avoid the repetition that comes from mechanically
expanding the data. The experiments show that this method can lower the number of missed detections
caused by unbalanced data classes and amounts, while also raising the accuracy of classification. Also, its
overall performance has a greater ability to generalize and superior performance metrics (Zhao et al., 2023).
Theuses based on Generative Adversarial Networks (GANs) are increasing in popularity, which has shown
in-depth study and analysis in the different fields. Natural language processing, text-to-image, image-to-
image, audio-to-image, 3D object creation, prediction, and architectural design are all uses for GAN
models. For both production and prediction, this approach is essential to preserving visual integrity and
security. In the case of facial recognition, it is very advantageous for identifying fake images. GANs are
vital in examining visual legitimacy on social media by identifying and assessing frauds. As research
advances, new GAN variations appear, which prompts the creation of various analysis techniques to predict
the models' applicability and efficacy. This paper presents detail about the several recent developments to
GAN model designs, the pros and cons of different types of GANs, possible solutions to their problems,
and the new domains where GAN tools could be useful in the future. Furthermore, it examines critical
measures like Inception Score (IS) and Fréchet Inception Distance (FID) as essential benchmarks for
improving GAN performance relative to existing methods (Sharma et al., 2024).
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Figure 1. Conditional generative adversarial network.

3.2 Feature-wise Sequential (Scalar) Kalman Filter for Temporal Smoothing

The scalar Kalman Filter (KF) (Kalman, 1960) for noise reduction in multiclass problems denoises
sequential or per-sample features independently before feeding them into multiclass classifiers (e.g., SVM,
Random Forest), treating each feature dimension as a univariate linear Gaussian process to minimize mean
squared error and sharpen class separability.

For dataset X € RVX4 (N samples, d features) with additive noise (Kalman, 1960)

Ze; = X+ v (e ~ N(O,R;)) ()
per featurei=1...d at time ¢ =1...N (or per-sample), model state evolution as constant-velocity or constant.
Xei = Fixeq0+we; (W ~ N(0,Q;)) 3)
observed as z; ; = Hyx; + vy ; “)

Typically, F; = 1 (random walk smoothing), H; = 1 (scalar case). Here,
F;: State transition scalar (e.g., 1 for smoothing/random walk).
H;: Observation scalar (often 1 for direct features).
Q; : Process noise variance (w; ; ~ NV (0, ;)); models dynamics uncertainty.
R;: Measurement noise variance (v¢; ~ N (0, R;)).
v, ~ N (0, R): Zero-mean Gaussian measurement noise.
X ;- True underlying state (clean feature value) for feature i at t; scalar € R.
Z;;: Noisy observation/measurement of x, ;:
Zy; = HiXe; + vy (%)

Prediction (per feature i, all #):
5 _re _R2
Xeie-1,i = FiXe—qje-1,0 Peie—1,0 = Fi Pe—1je-1,0 T Qs (6)

where, £ ,_1; is the predicted state estimate before measurement, ;1 ; = FiX¢_q)¢—1, X¢¢; 1S the
updated posterior state estimate after measurement (denoised output), and Py ._; ;: is the predicted error
variance (uncertainty):

Pee—1i = F{Proqje—1,i+ Qi >0 (7
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Update with noisy input z; ;:
_ Pee—1,iH;

®)

DL HZPyeo1iHR;
J’C\m,i = J?tlt—1,i + K i(ze; — Hiftlt—Li) )
Ptlt,i =(1- Kt,iHi)Ptlt—l,i (10)

where, K, ; is the Scalar Kalman gain, Py ; is the posterior error variance. Output denoised matrix X' =
[X¢1¢.1]¢ i3 initialize £}y ; = Zq 4, Pyj1; = R; (Haykin, 2001; Ma et al., 2020).

Algorithm 1 presents a sequential Kalman filter that is applied to every feature across samples. It
sequentially estimates and updates each feature’s value to reduce measurement noise, producing a smoothed

feature representation Xj.

Algorithm 1: Kalman Smoothing of Features.

Input:
X € R™4: Input dataset with n samples and d features.
Q: Process variance (default 1 x 10™%).
R: Measurement variance (default 1 x 10™1).
Output:
X, € R"*4: Smoothed feature matrix.
Procedure:

I. Initialize a zero matrix X of size n X d.
1. for each feature j =1,2,...,d:
a. Set initial state estimate £, = X ;.
b. Initialize error covariance P = 1.0.
c. for each sample i = 1,2,...,n:
i. Observation z = X; ;.
ii. Prediction step:
- Predicted state: X; = X;_;
- Predicted covariance: P~ =P + Q (11)
iii. Update step:

- Kalman gain: K = P (12)
- Updated state estimate: X; = X; + K(z — %) (13)
- Updated covariance: P = (1 — K)P~ (14)
iv. Assign X [i,j] = X;.
d. end for
III. end for

IV. Return the smoothed dataset X;.

3.3 One-versus-One Data Decomposition

In the One-versus-One (OVO) data decomposition scheme, a n-class problem is divided into n(rn-1)/2 binary
subproblems. Each subproblem is faced by independent base classifiers, which are responsible for
distinguishing the instances from the different pairs of classes. With such appropriate consideration, the
much more complex multiclass problem is translated into the simpler binary class subproblems, which is
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expected to receive better results or address multiclass problems with binary classification techniques
(Zhang et al., 2016). In the prediction phase, a test pattern is classified according to the outputs of each
binary classifier, organized as the following score-matrix R:

R=% (1)

Tnl —

where, r;j € [0, 1] is the confidence of the binary classifier distinguishing class i from j, whereas, the
confidence in favor of class j is computed as r;; = 1 — r; (if it is not provided by the classifier). Once the
score-matrix is produced, any aggregation methods (Galar et al., 2011) can be employed to infer the final
class. The weighted voting strategy has proven to be one of the best aggregation methods due to its
robustness and effectiveness (Galar et al., 2011; Hiillermeier & Vanderlooy, 2010). In weighted voting, the
final output class is computed over the score-matrix R as shown in the following expression:
1 lf rij > 7"]'l'

0 Otherwise

(16)

class = argmax;_; Z?:quci s;j» where 5;; = {

3.4 Data Complexity

We can enhance a better understanding of the characteristics that influence the difficulty of learning
activities by using data complexity analysis (Wan et al., 2023). The goal of complexity measurements is to
show how hard it is to work with supervised data. These measures deal with problems like overlap, density,
linearity, and so on that affect how well ML classifiers work (Lancho et al., 2023). One of the main issues
researchers face when using machine learning on data is the varying difficulty of predictions (Kwon et al.,
2024). This research assesses the classifier's performance from the view of data complexity. The data
complexity metrics are divided into six classes: neighborhood (N1, N2, N3, N4, T1, LSC), network (Density,
ClsCoef, Hubs), dimensionality (T2, T3, T4), linearity (L1, L2, L3), balance (C1, C2), and overlap (F1,
Fl.v, F2, F3, F4) (Eberlein et al., 2025).

4. Proposed Work
4.1 System Configurations and Parameter-tuning
We have employed the following system configurations:

e Google Colab: Python 3 Google Compute Engine backend (Tensor Processing Unit), 47.0 GB system
RAM, 225.3 GB Disk.

e PyTorch, TensorFlow, and Imblearn Python libraries (Pedregosa et al., 2011).

e Problexity Python library (Komorniczak & Ksieniewicz, 2022).

e The laptop is equipped with a 500 GB hard disk, a 13th Gen Intel® Core™ i5-1335U Processor, 8.0 GB
installed RAM, and an Intel® Iris® Xe Graphics card.

Table 2 provides the parameter tuning for the methods.

Table 2. The methods' parameter tuning.

Methods Parameter settings

CGAN epochs=200, batch_size = 64, verbose = False, noise_dim = 32, device = ‘cpu’, hidden_dim = 128,
leaming_rate=2e-4, LeakyRelu (0.2), adam , BCE Loss, PyTorch.

Kalman Filter Process var= le-4, meas var=le-4

Stratified K-Folds Cross-Validation | K= 10, shuffle = True, random state =42

Decision Tree random_state =42, criteria = “gini”

SVM Kemel = ‘rbf’, probability = True, random_state =42
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4.2 Datasets

We use the multiclass datasets listed below (see Table 3), sourced from the UCI repository. For ease of use,
we have given every dataset a distinct identity. The dataset's identity (ID), name, number of instances (N),
features (F), classes (C), class-wise imbalance ratio (Class-wise IR), class-wise distribution of instances
(Class-Distribution), and overall imbalance ratio (Overall IR) are the columns that make up Table 3. The
overall imbalance ratio is used for arranging all datasets in ascending order. The datasets include both mixed
(numerical and categorical) and/or numerical features. For each of the imbalanced multiclass datasets, we
compute the imbalance ratios across classes (overall IR) and within classes (class-wise IR). The ratio of
majority class instances to minority class instances is known as the imbalance ratio. A dataset is considered
imbalanced if the imbalance ratio is more than one.

Table 3. Description of the imbalanced multiclass datasets used in our experiments.

ID Dataset N F C Class distribution Class-wise IR Overall IR
win Wine 178 | 13 | 03 | 59/71/48 1.20/1.00/1.47 147
cme ContraceptiveMethod | 175 | 09 | 03 | 629/333/511 1.00/1.89/1.23 1.89
Choice
bal Balance Scale 625 | 4 | 03 | 49/288/288 5.87/1.00/1.00 587
1361 1322/522/1630/3546/192
dry Dry Bean | 16 | 07 | §r097/9636 2.68/6.79/2.17/1.00/1.84/1.75/1 34 6.79
ala Glass Identification 214 | 09 | 06 | 70/76/17/13/9/29 1.09/1.00/4.47/5.85/8 44/2.62 44
200 Zoo 101 | 16 | 07 | 41/20/5/13/4/8/10 (1)'00/2'05/8'20/3'15“0'25/5'12/4'1 10.25
car Car Evaluation 1728 | 06 | 04 | 384/69/1210/65 3.15/17.53/1.00/18.61 18.61
Tym Lymphography 148 | 19 | 04 | 2/81/61/4 20.50/1.00/1.32/20.25 40.50
war Wine Quality-Red 1599 | 12 | 06 | 10/53/681/638/199/18 | 68.10/12.84/1.00/1.06/3.42/37.84 68.10
463/429/244/163/51/4453 | 1.00/1.07/1.90/2.84/9.08/10.52/13.
yes Yeast 1484 1 8 101 5300005 23/15.43/23.15/92.60/ 9260

4.72/2.36/1.32/1.85/3.46/29.71/208

44/88/157/112/6017/1120 | 60,1 00,/10.94/13.00/34.67/29.7172

abs Absenteeism at work 740 19 55/19/16/6/7/1/2/3/3/1/2/3 08.00/104.00/69.34/69 34/208.00/1 208.00
04.00/69.34
wqw Wine Quality-White 4898 | 12 07 52;;63/1457/2198/880/1 igg.zg/l3.48/l.50/1.00/2‘49/12.56/ 439 60

11/15/57/115259391/5 689.00/689.00/45.93/12.08/5.99/2.
68/689/634/487/267/203/ 66/1.76/1.21/1.00/1.08/1.41/2.58/3.
aba Abalone 4177 | 08 28 126/103/67/58/42/32/26/ 39/5.46/6.68/10.28/11.87/16.40/21. 689.00
14/6/9/2/1/1/2/1 53/26.50/49.21/114.83/76.55/344.5

0/689.00/689.00/344.50/689.00
1296

nur Nursery 08 05 4320/4266/2/4044/328 1.00/1.01/2160.00/1.06/13.17 2160.00

4.3 KFCGAN Method

The hybrid KFCGAN resampling method uses a scalar Kalman Filter and a CGAN to do sequential feature
denoising and class-conditional data creation, respectively. This makes it possible to do robust multiclass
classification of noisy data.

The following steps are performed in this sequence:
Step 1. Scalar Kalman Filter (Feature Denoising): Apply KF independently per feature i = 1...d on
input X € R¥*4 using Equations (5) to (8) and yields denoised X' = [%¢e:]. Typically, F; = H; = 1.

Step 2. CGAN Data Augmentation (Class-Conditional Generation):

(a) Generate synthetic samples per class ¢ = 1 ... C using Equation (1).
(b) Generator: G(z,c) — X, (noise z, class label c.
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(c) Discriminator: D(X,c) — [0,1] (real/fake conditioned on c).

Augment X’ with X per class, balancing imbalanced datasets.

Algorithm 2: KFCGAN

Input:

D = {(x;,¥;)}: Multiclass dataset with Kclasses

CGAN: Conditional GAN architecture (Generator G, Discriminator D, and training parameters)

target strategy: Strategy for balancing minority classes.

Output: Balanced training dataset D,
Procedure:

L

II.

III.

Iv.

VL

VIL

Preprocessing:

a. Normalize or standardize feature columns in D.

b. Split D into training and testing subsets: Diyain and Diest -
Feature Smoothing:

Apply Algorithm 1 (Feature-wise Scalar Kalman Filter) on Dy, to obtain smoothed features

érain :
Class Distribution Computation:

For each class ¢ € {1,2,...,K}:
a. Compute sample count n, = [{x;:y; = c}|.
b. Determine target count Ng,rgec [C] using target strategy.
Conditional GAN Training:
a. Initialize Generator G and Discriminator D based on CGAN.
b. For each training epoch:
i. For each minibatch (X,¢q1, Vrear) € D
- Sample latent noise z ~ p(z).
- Generate synthetic samples X¢qre = G(Z, Yrear)-
- Update discriminator D to maximize:
Lp = E[log D(xyear, Yrear)] + E[log(1 — D(xfake:yreal))]
- Update generator G to minimize:
LG = ]E[log(l - D(G(Z' yreal)'Yreal))]
Synthetic Sample Generation:
a. Initialize S = @.
b. For each class ¢ € {1,2,...,K}:
i. Compute required samples M, = Nygpger[€] — e
ii. Fori =1 to M,:
- Sample noise z ~ p(z).
- Generate synthetic instance xgynp = G(Z, €).
- Append (Xgynen, €) t0 S.
Balanced Dataset Construction:
Combine datasets:
Dpar = D;frain us
Randomly shuffle Dy,;.
Return:
Balanced training dataset Dy,;.

! .
train-
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We introduce KFCGAN (Algorithm 2), which integrates Kalman filter—based feature smoothing with a
CGAN to generate class-balanced, noise-free training data. The Kalman filter stabilizes feature dynamics,
while the CGAN learns class-conditional distributions to synthesize realistic minority samples. The
resulting balanced dataset enhances classifier robustness and performance on imbalanced multiclass
problems.

4.4 KFCGAN-OVO Methodology
In this framework, we have integrated the OVO data decomposition strategy with our suggested KFCGAN
method (Algorithm 2). We have utilized the following pipeline:
(i) Raw noisy data X — KF denoising — X'
(ii)) X' U CGAN augmentation — Augmented X4,y = [X';G(2,1),6(2,2),...,G(z,C)] (21)
(i) OVO decomposition — C(C-1)/2 binary classifiers {f};}. For classes y = {1,2, ..., C}, train binary
classifier fi,;: R¢ — R for every pair k < [:
fa(x) = wgx + by (22)
Only samples where y; € {k,1}, relabeled as:
y; = k— 1 (positive class)
y; =1 - 0 (negative class)
(iv) Final prediction: h(x) = argmax, 2{l # c}H(f.;(x) > 0) (23)

Figure 2 displays the suggested methodology. We began by doing some basic preprocessing of multiclass
imbalanced data to resolve missing data, convert categorical data into numbers, and use standard scaling to
make the data normal. Then, the dataset is split into two parts: a test set and a training set. The training set
is delivered to the CGAN for data augmentation after being smoothed using the Kalman filter. The
rebalanced training set is converted into binary data sets using the OVO approach, and these are used to
train each binary classifier, such as Classification and Regression Tree (CART) (Dikananda et al., 2022;
Lin & Fan, 2019) or Support Vector Machine (SVM) (Batuwita & Palade, 2013; Yu et al., 2025). The
results from each classifier are then combined. The binary voting strategy is regarded as the aggregation
approach in this study since it is the most straightforward yet effective aggregating method. Each class
receives a certain number of votes, and the class with the largest number of votes is the predicted class.
Here, we employed stratified 10-fold cross-validation, a technique that divides data sets into ten folds while
preserving the original class distribution in each fold to produce more effective and accurate performance
estimates for imbalanced datasets. An OVO classifier is used to perform data decomposition in each fold
and trains the base classifiers, CART/SVM, accordingly. The results are analyzed using the performance
metrics defined in Section 5.

OVO Classification
Data
Smoothing and OVO Strategy
augmentation
[D1&D2] [D2&Ds |~ [ Det&De |
Training Set » | Kalman Filter
i “' Ball d ‘}
alance: )
Multiclass CGAN |3 Dataset |—>» Base classifier
Imbalanced [~ (X) [ n J[ = ]-[fene)
Dataset (D)
Test Set e + ........................ |
v o Aggregation Methods ;
Predicted [€ e eeecemeeeeemeees e et et seeae e eetaee :
Class Prediction
Figure 2. Methodology.
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5. Performance Metrics

We looked at how well multiclass classification works when there are imbalances in data setsusing Cohen's
Kappa (x), Mean Average Value Accuracy (MAVA), Geometric Mean (MG), Mean F-Measure (MFM),
and Macro-Precision (Pmacro). The studies are conducted alongside Pmacro, MAVA, MG, MFM, and
Kappa, providing a thorough and imbalance-aware assessment of multiclass classifiers. Let C denote the
total number of classes in the dataset.

Pmacro: The average precision across all classes is measured by macro-precision (Pmacro), which is
defined as

1 TP;
Pmacro = — Y& | P, where P; = L

TP;+FP;

24

Here, TP is True Positive, and FP is False Positive (Sokolova & Lapalme, 2009).

MAVA: It calculates the average accuracy per class to guarantee that every class is given the same weight
(Fernandez et al., 2018):

1 TP;
MAVA = =& —
c - TP;+FN;

(25)

MG: 1t calculates the geometric mean of class-wise recalls to assess balanced recognition of all classes
(Kubat, 1997):

1
MG = ([T, Recall;)°, where Recall; = ——*

TP;i+FN;

(26)

MFM: 1t gives the average of class-wise F1-scores and is written as follows (Sokolova & Lapalme, 2009):

SR e | 2PiRecall
MFM = c Zi:l F1;, where F1; = P;+Recall; 7

Cohen’s Kappa: It measures the degree of agreement between predicted and actual classifications while
controlling for chance, which is as follows:

Do —Pe
= —= 28
1-Dpe ( )

where, p, is the predicted agreement by chance and po is the actual agreement (Cohen, 1960).

6. Results and Discussion

The tests are carried out on the fourteen imbalanced multiclass datasets (see Table 3) and then on the
augmented datasets using the system configurations and parameter values stated in subsection 4.1. Initially,
all the datasets are separated into train (X) and test (y) sets. The distribution of samples throughout the
various classes of all the original datasets is shown in Figures 3(a)-(n) (see Appendix A.1), with the red
oval indicating noisy samples. The imbalanced datasets are then divided into 10 equal folds using the
stratified K-folds cross-validation method; the OVO classifier is trained on 9 of the folds using the
CART/SVM classifier as a base classifier, and the classifier is tested on the final one-fold. To address the
multiclass data sets’ high dimensions and complexity, the OVO approach is employed. Table 4 indicates
that CART’s optimal results, on average, for the original imbalanced car dataset were 0.9748 Pmacro,
0.9823 MAVA, 0.9816 MG, and 0.9777 MFM; for the win dataset, 0.9658 Pmacro and 0.9476 MG; and
for the nur dataset, 0.9546 MAVA, 0.9546 MFM, and the highest, 0.9959 Kappa. On every performance
metric, SVM performed better for the win dataset and attained the highest 0.9813 Pmacro, 0.9763 MAVA,
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0.9751 MG, 0.9773 MFM, and 0.9663 Kappa. It obtained the second- and third-best scores on all
performance metrics for the dry and nur datasets, respectively.

Table 4. Performance of CART and SVM classifiers on the original imbalanced multiclass datasets (without
KFCGAN) across various evaluation metrics.

b CART SVM
Pmacro MAVA MG MFM Kappa Pmacro MAVA MG MFM Kappa

win 09658+ | 09510+ | 09476+ | 09534= | 09315+ | 09813+ | 09763+ | 09751+ | 09773+ | 0.9663 +
0.0320 0.0529 0.0565 0.0482 0.0747 0.0326 0.0373 0.0391 0.0369 0.0558

emc | 04657+ [ 04558+ [ 04396+ | 04572+ [0.1920% [ 05287+ [ 05173+ [ 04963+ | 05185+ [ 02904+
0.0370 0.0327 0.0436 0.0347 0.0421 0.0547 0.0508 0.0601 0.0524 0.0754

bal 05794+ | 05658+ | 0.0529+ | 05712+ | 06112+ | 06023+ | 0.6528+ | 0.0000+ | 0.6263+ | 0.8190+
0.0245 0.0366 0.1588 0.0289 0.0590 0.0103 0.0114 0.0000 0.0107 0.0280

ary 09206+ | 09172+ | 09161+ | 09186+ | 0.8843+ | 09429+ | 09391+ | 09383+ | 0.9408+ | 09148+
0.0053 0.0059 0.0060 0.0055 0.0078 0.0051 0.0057 0.0058 0.0054 0.0077

; 06887+ | 07243+ | 03116+ | 0.6816= | 05975+ | 05876+ | 0.6168+ | 0.0000+ | 05880+ | 0.5693 +
ga 0.0783 0.0906 0.3830 0.0763 0.0986 0.1261 0.1252 0.0000 0.1224 0.1095

00 08524+ | 08829= | 05000+ | 0.8619= | 09222+ | 08230+ | 0.8381+ | 04000+ | 0.8260+ | 0.9081 +
0.1699 0.1304 0.5000 0.1555 0.0867 0.1541 0.1625 0.4899 0.1599 0.0837

09748+ | 09823+ | 09816+ | 0.9777= | 09810+ | 09039+ | 0.7662+ | 07014+ | 07925+ | 0.8217
car 0.0258 0.0197 0.0206 0.0203 0.0130 0.0458 0.0590 0.0876 0.0513 0.0605

ym | 07837+ [ 07843 107105 07789+ | 05817+ [ 07381+ 107357+ [ 04396+ [ 07302+ | 07210+
0.1319 0.1267 0.2679 0.1310 0.2325 0.1798 0.1593 0.4419 0.1684 0.1323

wqr | 03628% 03659 100000+ 03560+ [04201= [03104x | 02882 [0.0000+ | 02889+ [ 03856
0.0427 0.0300 0.0000 0.0266 0.0451 0.0290 0.0232 0.0000 0.0259 0.0657

ves 05545+ | 05229+ | 02126< | 05193= | 04347+ | 05797+ | 05372+ | 0.0000+ | 05406+ | 04761+
0.0682 0.0760 0.2633 0.0682 0.0314 0.0770 0.0800 0.0000 0.0719 0.0664

ibs 02351+ | 02356+ | 00000+ | 02309+ | 03269+ | 02462+ | 02405+ | 0.0000+ | 02322+ | 02915+
0.0247 0.0265 0.0000 0.0242 0.0416 0.0372 0.0288 0.0000 0.0288 0.0481

waw | 042895 [ 04175+ 100494 04142+ [ 04480+ [ 03375+ [ 02586+ [ 00000+ | 02615+ | 03018
0.0515 0.0485 0.1482 0.0441 0.0243 0.0726 0.0218 0.0000 0.0240 0.0234

aba | 01592% [ 0.1473% 100000+ [ 0.1468+ [ 01224+ [ 0.1258% [0.1310+ [ 00000 [ 0.1228=+ | 0.1567 +
0.0252 0.0249 0.0000 0.0192 0.0144 0.0197 0.0172 0.0000 0.0163 0.0250

ur 090548+ | 09546+ | 07952+ | 0.9546= | 0.9959= | 09315+ | 0.8335+ | 0.6720+ | 0.8660+ | 0.9468 +
0.0809 0.0794 0.3977 0.0800 0.0022 0.0812 0.0709 0.3380 0.0740 0.0047

In contrast, the Kalman filter smoothed the training set X for every dataset to eliminate noisy samples from
it. Table 5 displays the percentage of noise reduction the Kalman filter achieved for the original datasets.
To find the percentage of noise reduction, use the formula as:

Noise Reduction (%) = W x 100 (29)
where, NR is the noise that was measured in the raw dataset, and NK is the noise that was recorded after the
Kalman filter was applied to smooth the dataset. The outcome indicates that the Kalman filter refined the
datasets, removing a minimum of 85% of noisy samples. The CGAN is used to make samples of the
minority classes once it has been trained on X. This step is done to make sure that each imbalanced dataset
has an equal number of samples from each class. The discriminator checks that the samples from the
minority class are original once the generator makes them.

Table 5. The noise reduction (in percentage) was performed by the Kalman filter on the original datasets.

Datasets win cme bal dry gla Z00 car lym wqr yes abs wqw aba nur
% Noise
Reduction

91.0 91.2 848 | 92.8 | 893 88.3 | 87.0 | 90.5 92.0 91.9 91.0 92.1 88.4 85.6
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Table 6. Performance of CART and SVM classifiers on the imbalanced multiclass datasets using KFCGAN-OVO
approach across various evaluation metrics.

D CART SVM
Pmacro MAVA MG MFM Kappa Pmacro MAVA MG MFM Kappa
win 0.9875 + 0.9863 + 0.9856 + 0.9860 + 0.9789+ | 0.9833 % 09815+ | 0.9806+ 09812 + 09721 +
0.0191 0.0210 0.0220 0.0214 0.0322 0.0204 0.0227 0.0238 0.0230 0.0342
eme 0.9801 + 0.9799 + 0.9797 + 0.9798 0.9698 + | 0.9922 + 0.9920+ | 0.9920 + 0.9920 = 0.9881 =
0.0081 0.0082 0.0082 0.0082 0.0122 0.0053 0.0054 0.0055 0.0054 0.0081
bal 0.8154 + 0.8113 + 0.8083 + 0.8111 =+ 0.7170+ | 0.7853 + 0.7612+ | 0.7549 + 0.7658 0.6421 +
0.0419 0.0415 0.0415 0.0414 0.0618 0.0328 0.0353 0.0368 0.0342 0.0529
dry 0.9983 + 0.9983 + 0.9983 + 0.9983 + 0.9980 + | 0.9972 + 09972+ | 0.9972+ 0.9972 + 0.9967 +
0.0006 0.0006 0.0006 0.0006 0.0008 0.0013 0.0013 0.0013 0.0013 0.0015
gla 0.9694 + 0.9643 + 0.9607 + 0.9607 + 0.9578+ | 0.9766 09744+ | 09721+ 09732 + 0.9685 +
0.0244 0.0292 0.0336 0.0336 0.0336 0.0256 0.0280 0.0307 0.0296 0.0347
700 0.8166 + 0.7821 + 0.7490 + 0.7784 0.7481+ [ 09167+ 0.7907+ | 0.7515+ 0.8036 0.7557
0.0662 0.0740 0.0872 0.0743 0.0857 0.0107 0.0617 0.0760 0.0570 0.0715
car 0.9828 + 0.9826 + 0.9825 + 0.9826 + 09769+ | 0.9252+ 0.8930+ | 0.8832+ 0.8944 + 0.8573
0.0063 0.0063 0.0064 0.0064 0.0085 0.0042 0.0086 0.0104 0.0086 0.0114
lym 0.8096 + 0.8049 = 0.7728 + 0.7996 + 0.7400+ | 0.8198 + 0.7937+ | 0.7337+ 0.7785 + 0.7242 +
0.0524 0.0470 0.0545 0.0466 0.0633 0.0476 0.0402 0.0743 0.0473 0.0530
wqr 0.7876 + 0.7834 + 0.7534 = 0.7846 0.7401 + | 0.8985+ 0.8615+ | 0.8318 + 0.8649 + 0.8536 %
0.0153 0.0174 0.0203 0.0162 0.0209 0.0065 0.0106 0.0168 0.0117 0.0111
0.8442 + 0.8329 + 0.8149 + 0.8360 + 0.8143+ | 0.8536+ 0.8231+ | 0.8067 + 0.8335+ 0.8035 +
yes 0.0091 0.0109 0.0158 0.0106 0.0123 0.0075 0.0106 0.0129 0.0094 0.0116
abs 0.8757 + 0.8653 + 0.8363 + 0.8681 + 0.8579+ | 0.8979 + 0.8605+ | 0.8312+ 0.8647 0.8528 +
0.0101 0.0111 0.0173 0.0109 0.0115 0.0114 0.0111 0.0184 0.0120 0.0115
wqw 0.8121 + 0.8064 + 0.7813 + 0.8079 0.7741+ | 0.8797 + 0.8245+ | 0.7972 + 0.8318 0.7953 +
0.0094 0.0103 0.0135 0.0101 0.0120 0.0082 0.0101 0.0128 0.0094 0.0118
aba 0.8346 + 0.8240 + 0.7763 + 0.8280 + 0.8174+ | 0.8550+ 0.8302+ | 0.7872+ 0.8386 0.8240
0.0062 0.0056 0.0085 0.0055 0.0059 0.0065 0.0053 0.0081 0.0054 0.0055
nur 0.9915 + 0.9915 + 0.9914 + 0.9915 + 0.9894 + [ 0.9288 + 09261+ | 09236+ 0.9270 + 0.9076 +
0.0019 0.0019 0.0019 0.0019 0.0024 0.0061 0.0064 0.0069 0.0063 0.0080

To achieve the optimum results, the discriminator and generator losses are kept to a maximum and
minimum, respectively. Subsection 3.1 covers the overall logic behind the CGAN. To accomplish our goals,
refer to Algorithm 2; the proposed method (KFCGAN) integrates CGAN with the Kalman filter. Figures
4(a)-(n) (see Appendix A.1) illustrate the samples' distribution of the classes for the balanced (resampled)
datasets generated by the KFCGAN method. The balanced datasets are then divided into 10 equal folds
using the stratified K-folds cross-validation method; the OVO classifier is trained on 9 of the folds using
the CART/SVM classifier as a base classifier, and the classifier is tested on the final one-fold. To address
the multiclass data sets’ high dimensions and complexity, the OVO approach is employed. The results in
Table 6 demonstrate that the KFCGAN-OVO approach substantially enhances the classification
performance of both CART and SVM across a diverse set of imbalanced multiclass datasets. CART
generally achieves strong and highly stable performance, particularly on datasets such as win, dry, car, abs,
aba, and nur, where it consistently records high Pmacro, MAVA, MG, MFM, and Kappa metrics. The
highest performance scores attained by the dry and nur datasets are 0.9983 Pmacro, 0.9983 MAVA, 0.9983
MG, 0.9983 MFM, 0.9980 Kappa, and 0.9915 Pmacro, 0.9915 MAVA, 0.9914 MG, 0.9915 MFM, and
0.9894 Kappa, respectively. SVM, on the other hand, works better on a number of datasets, such as cmc,
zoo, wqr, and yes, which suggests that it works better when the decision boundaries are more complicated
or not linear. The cmc and nur datasets got the best performance scores: 0.9922 Pmacro, 0.9920 MAVA,
0.9920 MG, 0.9920 MFM, and 0.9881 Kappa for cmc and 0.9972 Pmacro, 0.9972 MAVA, 0.9972 MG,
0.9972 MFM, and 0.9967 Kappa for nur. In general, the results show that SVM gets a lot of help from
KFCGAN-OVO on some datasets, although CART does well across most scenarios. This means that the
KFCGAN augmentation method works well to fix class imbalance and helps both classifiers get results that
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are competitive and dependable. However, CART is still a little better overall at being consistent and strong
when working with the augmented multiclass imbalanced datasets. The KFCGAN-OVO method that was
suggested does not use Euclidean distance or the selection of k-nearest neighbors. It meets the first research
objective (RO1).

6.1 Ablation Study

Performance evaluation: Table 7 shows a comparison of the performance of KFCGAN-OVO, OCH-
SMOTE, SOMM, and SMOTE-CLS with CART as the basis classifier. The findings show that, while some
trends do appear, no one resampling approach is always better than the others across all the multiclass
imbalanced datasets that were tested. When you use KFCGAN-OVO with CART as the base classifier, you
always get high-quality classification results. This shows how well it can handle problems with class
imbalance. It performs better when accuracy is more important than speed, but it takes a lot longer to
compute (in seconds). SMOLTE-CLS is usually one of the better approaches since it gives strong and stable
results, even if it takes a lot of computing power. SOMM is the best lightweight method for time-sensitive
applications since it is the most dependable and effective, has competitive accuracy, and takes a short
amount of time to compute. OCH-SMOTE occasionally doesn't work well with all datasets and doesn't
always act the same way, even if it takes less time to compute. Overall, SMOTE-CLS strikes a good
compromise between speed and accuracy, SOMM is a fast and reliable option, while KFCGAN-OVO is
the best choice if you need better classification performance and don't mind spending more on computing
power. Table 8 also demonstrates how well KFCGAN-OVO, OCH-SMOTE, SOMM, and SMOTE-CLS
do when SVM is used as a basis classifier. KFCGAN-OVO consistently outperformed or matched the latest
resampling techniques across most datasets. The results indicate that it is more stable, robust, and effective
at handling complex multiclass imbalance issues. The method achieves higher Pmacro, MAVA, MG, MFM,
and Kappa scores in almost all cases, particularly on challenging datasets such as cmc, dry, gla, wqr, yes,
abs, wqw, aba, and nur, where competing techniques like OCH-SMOTE and SOMM exhibit substantial
performance degradation. Although SOMM and SMOTE-CLS occasionally deliver competitive or slightly
higher scores on a few datasets, their performance is far less consistent, and they frequently fail on highly
skewed distributions where KFCGAN-OVO maintains strong predictive capability. While the
computational cost of KFCGAN- OVO is higher due to the CGAN and Kalman filtering pipeline, the
significant improvement in classification results justifies this trade-off. Overall, the results demonstrate that
KFCGAN-OVO provides a highly reliable and more effective solution for multiclass imbalanced learning,
beating the existing methods across data domains and imbalance severities. The comparative performance
evaluation study demonstrates its reliability and effectiveness on several multiclass imbalanced datasets.
These exercises answer the second research objective (RO2).
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Table 7. Comparison of the performance of KFCGAN-OVO with the latest methods using CART as the base

classifier.

D Resampling CART Computing
techniques Pmacro | MAVA | MG | MFM | Kappa time (Sec.)
KFCGAN-OVO | 0.9875+0.0191 | 0.9863+0.0210 | 0.9856+ 0.0220 | 0.9860+0.0214 | 0.9789+ 0.0322 | 1.88+0.00

win OCH-SMOTE 0.9616=+0.0299 | 0.9444+0.0505 | 0.9459+0.0496 | 0.9475+0.0457 | 0.9230+0.0712 | 0.02+0.00
SOMM 0.9491+0.0327 | 0.9387+0.0431 | 0.9335+0.0494 | 0.9376+0.0443 | 0.9084+0.0641 | 0.02+0.00
SMOTE-CLS 0.9539+0.0409 | 0.9476+ 0.0449 | 0.9453+0.0469 | 0.9479+ 0.0450 | 0.9223+0.0675 | 0.67 £0.00
KFCGAN-OVO | 0.9801+ 0.0081 | 0.9799+0.0082 | 0.9797+0.0082 | 0.9798+ 0.0082 | 0.9698+ 0.0122 | 15.95+0.001

eme OCH-SMOTE 0.4522+0.0198 | 0.4479+0.0185 | 0.4552+0.0184 | 0.4473+£0.0192 | 0.1799+0.0227 | 0.11£0.01
SOMM 0.5277+0.0395 | 0.5263+0.0353 | 0.5194+0.0402 | 0.5253+0.0370 | 0.2894+0.0530 | 0.02+0.00
SMOTE-CLS 0.5733+0.0480 | 0.5641+0.0471 | 0.5616+0.0471 | 0.5651+0.0469 | 0.3460+0.0704 [ 10.99 =0.00
KFCGAN-OVO | 0.8154+0.0419 | 0.8113+0.0415 | 0.8083+0.0415 | 0.8111+£0.0414 | 0.7170+0.0618 | 1.02+0.00
bal OCH-SMOTE 0.6029+0.0302 | 0.5865+0.0370 | 0.4644+0.2571 | 0.5903+0.0335 | 0.6156+0.0737 | 0.07£0.00
SOMM 0.8224+0.0382 | 0.8183+0.0395 | 0.8172+0.0393 | 0.8188+0.0392 | 0.7274+0.0594 | 0.01 £0.00
SMOTE-CLS 0.8297+0.0387 | 0.8266+ 0.0389 | 0.8241+0.0391 | 0.8260+ 0.0388 | 0.7396+0.0583 | 1.84+0.00
KFCGAN-OVO | 0.9983+ 0.0006 | 0.9983+0.0006 [ 0.9983+ 0.0006 | 0.9983+ 0.0006 | 0.9980+ 0.0008 | 154.90 +£0.11
dry OCH-SMOTE 0.9177+0.0061 | 09188+ 0.0066 | 0.9042+0.0064 | 0.9180+ 0.0062 | 0.8854+0.0077 | 6.66+0.32
SOMM 0.9051+0.0048 | 0.9050+ 0.0048 | 0.9033+0.0050 [ 0.9050+ 0.0048 | 0.8892+0.0056 | 1.11+0.10
SMOTE-CLS 0.9376+ 0.0056 | 0.9368+0.0057 | 0.9358+0.0058 | 0.9371+0.0056 | 0.9263+0.0066 [ 56.66£0.19
KFCGAN-OVO | 0.9694+0.0244 | 0.9643+0.0292 | 0.9607+ 0.0336 | 0.9607+0.0336 | 0.9578+ 0.0336 | 5.01 +0.00
ola OCH-SMOTE 0.6268+0.1215 | 0.6335+0.1057 | 0.2355+0.1947 | 0.6123+0.1137 | 0.5440+ 0.0852 | 0.14+0.01
SOMM 0.8360+0.0231 | 0.8313+0.0243 | 0.8125+0.0308 | 0.8288+0.0257 | 0.7973+0.0285 | 0.01 £0.00
SMOTE-CLS 0.8691+0.0599 | 0.8622+0.0503 | 0.8352+0.0766 | 0.8561+0.0573 | 0.8336+0.0605 | 1.88+0.07
KFCGAN-OVO | 0.8166=0.0662 | 0.7821+0.0740 | 0.7490+0.0872 | 0.7784+0.0743 | 0.7481+0.0857 | 5.20+0.01

200 OCH-SMOTE 0.8155+0.1721 | 0.8376+0.1444 | 0.5563+0.4270 | 0.8222+0.1612 | 0.9090+0.0838 | 0.07+£0.01
SOMM 0.9895+0.0182 | 0.9864+ 0.0220 | 0.9849+0.0243 | 0.9865+ 0.0225 | 0.9839+0.0267 | 0.01 £0.00
SMOTE-CLS 0.9971+0.0086 | 0.9971+0.0086 | 0.9969+0.0094 | 0.9968+ 0.0095 | 0.9960+0.0121 | 1.89+0.06
KFCGAN-OVO | 0.9828+ 0.0063 | 0.9826+ 0.0063 | 0.9825+0.0064 | 0.9826+ 0.0064 | 0.9769+ 0.0085 | 10.15+0.05

car OCH-SMOTE 0.9853+0.0137 | 0.9523+0.0491 | 0.9862+0.0108 | 0.9653+ 0.0353 | 0.9722+0.0202 | 0.20+0.01
SOMM 0.9813+0.0035 | 0.9812+0.0035 | 0.9810+0.0036 | 0.9812+ 0.0035 | 0.9749+0.0047 | 0.03 +£0.00
SMOTE-CLS 0.9943 £ 0.0038 | 0.9943+0.0039 | 0.9942+0.0039 | 0.9943+0.0039 | 0.9923+0.0052 | 5.50+0.00
KFCGAN-OVO | 0.8096+ 0.0524 | 0.8049+0.0470 | 0.7728+0.0545 | 0.7996+ 0.0466 | 0.7400+ 0.0633 | 1.87+£0.03

lym OCH-SMOTE 0.7831+£0.1585 | 0.7843+0.1474 | 0.7161+0.2083 | 0.7775+0.1567 | 0.5869+0.2769 | 0.04£0.01
SOMM 0.9108+0.0310 | 0.9076+0.0300 | 0.9006+0.0343 | 0.9063+0.0315 | 0.8766+0.0407 | 0.01 £0.00
SMOTE-CLS 0.9393+0.0298 | 0.9319+0.0308 | 0.9260+0.0355 | 0.9312+0.0314 | 0.9096+ 0.0401 | 0.95=+0.00
KFCGAN-OVO | 0.7876+0.0153 | 0.7834+0.0174 | 0.7534+ 0.0203 | 0.7846+0.0162 | 0.7401+ 0.0209 | 17.74 +0.04
war OCH-SMOTE 0.3711+0.0483 | 0.3728+0.0572 | 0.4137+0.0824 | 0.3643+0.0414 | 04140+ 0.0419 | 0.59+0.14
SOMM 0.7673+£0.0110 | 0.7651+0.0133 | 0.7551+0.0131 | 0.7655+0.0123 | 0.7181+£0.0159 | 0.08 £0.00
SMOTE-CLS 0.8117+0.0164 | 0.8053+0.0196 | 0.7920+0.0209 | 0.8066+ 0.0181 | 0.7663+0.0237 | 6.24+0.03
KFCGAN-OVO | 0.8442+0.0091 | 0.8329+0.0109 | 0.8149+0.0158 | 0.8360+0.0106 | 0.8143+0.0123 [ 18.19+0.01
yes OCH-SMOTE 0.5315+0.0741 | 0.5314+0.0716 | 0.3832+0.1197 | 0.5123+0.0607 | 0.4458+0.0540 | 1.29+0.21
SOMM 0.7864+0.0176 | 0.7836+0.0199 | 0.7631+0.0228 | 0.7835+0.0187 | 0.7595+0.0224 | 0.07 £0.00
SMOTE-CLS 0.9196+0.0091 | 0.9207+0.0082 | 0.9079+0.0100 | 0.9190+ 0.0084 | 0.9119+0.0092 | 5.32+0.01
KFCGAN-OVO | 0.8757+0.0101 | 0.8653+0.0111 | 0.8363+0.0173 | 0.8681+0.0109 | 0.8579+0.0115 | 14.78 +0.13
abs OCH-SMOTE 0.2374+0.0402 | 0.2368+0.0356 | 0.0702+0.0347 | 0.2329+0.0357 | 0.3152+0.0549 | 2.46+0.43
SOMM 0.8207+ 0.0096 | 0.8170+0.0104 | 0.7721+0.0176 | 0.8168+ 0.0098 | 0.8069+0.0104 | 0.12+0.00
SMOTE-CLS 0.9189+0.0101 | 09166+ 0.0103 | 0.9059+0.0136 | 0.9144+0.0110 | 0.9119+0.0108 | 3.67+0.01
KFCGAN-OVO | 0.8121+0.0094 | 0.8064+0.0103 | 0.7813+0.0135 | 0.8079+0.0101 | 0.7741+0.0120 | 48.31+0.10
wqw OCH-SMOTE 0.4581+0.0788 | 0.4634+0.0740 | 0.5811+0.0289 | 0.4517+0.0695 | 0.4497+0.0261 | 2.22+0.31
SOMM 0.7714+0.0122 | 0.7696+0.0113 | 0.7565+0.0126 | 0.7702+0.0115 | 0.7312+0.0132 | 0.42+0.06
SMOTE-CLS 0.9364+0.0067 | 0.9369+0.0059 | 0.9309+0.0064 | 0.9352+0.0060 | 0.9264+0.0069 [ 17.75+0.04
KFCGAN-OVO | 0.8346+0.0062 | 0.8240+ 0.0056 [ 0.7763+ 0.0085 | 0.8280+ 0.0055 | 0.8174+ 0.0059 | 78.63 +£0.69
aba OCH-SMOTE 0.1418+0.0193 | 0.1440+0.0133 | 0.0512+0.0297 | 0.1377+0.0123 | 0.1267+0.0109 | 27.17£1.67
SOMM 0.9830+0.0044 | 0.9829+ 0.0044 | 0.9827+ 0.0045 0.9828 +0.00 0.9771+0.0059 | 0.03 +0.00
SMOTE-CLS 0.9175+0.0059 | 0.9221+0.0062 | 0.8991+0.0087 | 09186+ 0.0060 [ 0.9192+ 0.0065 | 19.82+0.19
KFCGAN-OVO | 0.9915+0.0019 [ 0.9915+0.0019 | 0.9914+0.0019 | 0.9915+0.0019 | 0.9894+ 0.0024 | 146.51 £0.01
our OCH-SMOTE 0.9551+£0.0782 | 0.9540+0.0792 | 0.9945+0.0052 | 0.9545+0.0786 | 0.9959+0.0026 | 2.46£0.55
SOMM 0.9937+0.0011 | 0.9937+0.0012 | 0.9936+0.0012 | 0.9937+0.0012 | 0.9921+0.0014 | 0.07£0.00
SMOTE-CLS 0.9980=+ 0.0009 | 0.9980+ 0.0009 | 0.9980+0.0009 | 0.9980+0.0009 | 0.9975+0.0011 | 47.19+0.01
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Table 8. Comparison of the performance of KFCGAN-OVO with the latest methods using SVM as the base

classifier.

D Resampling SVM Computing
techniques Pmacro MAVA MG MFM Kappa time (Sec.)
KFCGAN-OVO | 0.9833+0.0204 | 0.9815+0.0227 | 0.9806=+0.0238 | 0.9812+0.0230 | 0.9721+0.0342 1.88 £0.00

win OCH-SMOTE 0.7603 £0.1042 | 0.7419+0.1042 | 0.7015+0.1123 | 0.7269+0.0986 | 0.6041+0.1434 0.03 +£0.00
SOMM 0.9875+0.0191 [ 0.9863+0.0210 | 0.9856+0.0220 | 0.9860+ 0.0214 [ 0.9789+ 0.0322 0.17 £0.00
SMOTE-CLS 0.9880+0.0184 | 0.9838+0.0252 | 0.9828+0.0268 | 0.9848=+0.0234 | 0.9776+ 0.0342 0.11£0.00
KFCGAN-OVO | 0.9922 +0.0053 | 0.9920+ 0.0054 | 0.9920+ 0.0055 | 0.9920+ 0.0054 | 0.9881+0.0081 | 13.37+0.01

eme OCH-SMOTE 0.5078 +£0.0478 | 0.5087+0.0501 | 0.5114+ 0.0485 | 0.5030+0.0484 | 0.2656+ 0.0671 0.74+0.01
SOMM 0.6065+0.0198 | 0.6042+0.0204 | 0.5987+0.0187 | 0.6025+0.0191 | 0.4062+ 0.0306 0.81+0.28
SMOTE-CLS 0.6017 £0.0397 | 0.5955+0.0410 | 0.5881+0.0452 | 0.5928+0.0432 | 0.3931+0.0617 | 11.66+0.22
KFCGAN-OVO | 0.7853+0.0328 | 0.7612+0.0353 | 0.7549+0.0368 | 0.7658+ 0.0342 | 0.6421+0.0529 1.36 +£0.04
bal OCH-SMOTE 0.7837 £0.0326 | 0.8796+0.0491 | 0.8615+0.0442 | 0.7881+0.0475 | 0.7802+ 0.0656 0.13£0.00
SOMM 0.8264 +0.0402 | 0.8032+0.0461 | 0.8013+0.0461 | 0.8071+0.0450 [ 0.7048+ 0.0693 0.23 £0.04
SMOTE-CLS 0.9239+0.0134 | 0.9005+0.0214 | 0.8970+0.0226 | 0.9025+0.0210 | 0.8506+ 0.0327 1,97 £0.02
KFCGAN-OVO | 0.9972+0.0013 | 0.9972+0.0013 | 0.9972+0.0013 | 0.9972+0.0013 | 0.9967+0.0015 | 156.03 +0.32
dry OCH-SMOTE 0.6196£0.0193 | 0.6231+0.0064 | 0.5067+0.0179 | 0.5923+ 0.0068 | 0.5539+ 0.0094 30.60+0.67
SOMM 0.9543 £0.0049 | 0.9538+0.0049 | 0.9533+0.0049 | 0.9539+0.0049 | 0.9461+0.0057 | 12.51+0.39
SMOTE-CLS 0.9497 £0.0045 | 0.9493+0.0047 | 0.9487+0.0048 | 0.9494+0.0046 | 0.9408+0.0055 | 64.35+0.42
KFCGAN-OVO | 0.9766 +£0.0256 | 0.9744+ 0.0280 | 0.9721+0.0307 | 0.9732+ 0.0296 | 0.9685+ 0.0347 5.03 £0.00
ola OCH-SMOTE 0.2893 +£0.0923 | 0.3204+0.0977 | 0.0247+0.0345 | 0.2666+0.0770 | 0.1691+ 0.0928 | 0.21 +0.09
SOMM 0.8214+0.0438 | 0.8134+0.0491 | 0.7859+0.0553 | 0.8104+0.0462 | 0.7761+0.0570 0.04 +£0.00
SMOTE-CLS 0.8683 +0.0447 | 0.8601+0.0384 | 0.8404+0.0386 | 0.8566=+0.0369 | 0.8309+ 0.0459 1.86 £0.05
KFCGAN-OVO | 0.9167+0.0107 | 0.7907+0.0617 | 0.7515+ 0.0760 | 0.8036+ 0.0570 | 0.7557+0.0715 4.91£0.01

200 OCH-SMOTE 0.1187+0.0630 | 0.1501+0.0877 | 0.0003+0.0008 | 0.1143+0.0533 | 0.0480+0.1148 0.10+0.01
SOMM 1.0000 +0.0000 [ 1.0000+ 0.0000 | 1.0000+ 0.0000 | 1.0000+ 0.0000 [ 1.0000+ 0.0000 0.03 +£0.00
SMOTE-CLS 1.0000 +0.0000 [ 1.0000+ 0.0000 | 1.0000+ 0.0000 | 1.0000+ 0.0000 [ 1.0000+ 0.0000 1.10+0.03
KFCGAN-OVO | 0.9252+0.0042 | 0.8930+0.0086 | 0.8832+0.0104 | 0.8944+0.0086 | 0.8573+0.0114 [ 10.49+0.26

car OCH-SMOTE 0.8252 +0.0499 [ 0.9341+0.0418 | 0.9303+0.0293 | 0.8677+0.0464 | 0.8582+ 0.0557 1.20+£0.21
SOMM 0.9534+£0.0076 | 0.9529+0.0075 | 0.9519+0.0078 | 0.9525+0.0077 | 0.9372+ 0.0100 1.33+0.26
SMOTE-CLS 0.9788 £0.0072 | 0.9770+0.0084 | 0.9762+ 0.0089 | 0.9770+0.0084 | 0.9694+ 0.0111 6.60 +0.24
KFCGAN-OVO | 0.8198+0.0476 | 0.7937+0.0402 | 0.7337+0.0743 | 0.7785+ 0.0473 | 0.7242+0.0530 1.91+£0.01

lym OCH-SMOTE 0.7855+0.1755 | 0.7621+0.1638 | 0.6917+0.2506 | 0.7622+0.1707 | 0.5994+ 0.1867 0.04 +£0.00
SOMM 0.9505+0.0308 | 0.9441+0.0336 | 0.9392+0.0373 | 0.9437+0.0341 | 0.9258+ 0.0448 0.03 +£0.00
SMOTE-CLS 0.9541 £0.0286 | 0.9476+0.0313 | 0.9428+0.0351 | 0.9468=+0.0320 [ 0.9300+ 0.0415 0.96 +0.00
KFCGAN-OVO | 0.8985+0.0065 | 0.8615+ 0.0106 | 0.8318+0.0168 | 0.8649+0.0117 | 0.8536+0.0111 | 16.16 +0.38
war OCH-SMOTE 0.2411+0.0862 | 0.1850+0.0843 | 0.0535+0.0541 | 0.1383+0.0207 | 0.0524+ 0.0348 | 3.24+0.49
SOMM 0.8081 +0.0167 | 0.8057+0.0174 | 0.7875+0.0210 | 0.8051+0.0172 | 0.7668+ 0.0206 1.70£0.32
SMOTE-CLS 0.7703 £0.0308 | 0.7822+0.0250 | 0.7481+0.0356 | 0.7719+0.0275 | 0.7386+ 0.0302 7.91+0.36
KFCGAN-OVO | 0.8536 +0.0075 | 0.8231+0.0106 | 0.8067=+0.0129 | 0.8335+0.0094 | 0.8035+0.0116 | 19.43 +0.32
yes OCH-SMOTE 0.0768 £0.0251 | 0.1268+0.0537 | 0.0035+0.0068 | 0.0653+0.0148 | 0.0157+0.0238 4.53+£0.45
SOMM 0.8136+0.0152 | 0.8028+0.0151 | 0.7859+0.0179 | 0.8033+0.0145 [ 0.7809+ 0.0167 1.83+£0.37
SMOTE-CLS 0.7741+£0.0182 | 0.7642+0.0177 | 0.7433+0.0228 | 0.7651+0.0179 [ 0.7379+ 0.0199 7.60+£0.27
KFCGAN-OVO | 0.8979 £0.0114 | 0.8605+0.0111 | 0.8312+0.0184 | 0.8647+0.0120 | 0.8528+ 0.0115 | 15.65+0.26
abs OCH-SMOTE 0.0039+0.0118 | 0.0007=+0.0022 | 0.0000+ 0.0000 | 0.0012+0.0037 | 0.0023+ 0.0056 442 +0.49
SOMM 0.8520+0.0136 | 0.8547+0.0102 | 0.8164+0.0177 | 0.8508+0.0116 | 0.8467+0.0112 1.63+0.28
SMOTE-CLS 0.8278 +£0.0128 | 0.8276+0.0142 | 0.7911+0.0207 | 0.8228+0.0146 | 0.8178+0.0157 545+0.35
KFCGAN-OVO | 0.8797+0.0082 | 0.8245+0.0101 | 0.7972+0.0128 | 0.8318+0.0094 | 0.7953+0.0118 | 62.83 +0.62
wqw OCH-SMOTE 0.1921 +£0.0250 | 0.1951+0.0474 | 0.1426+ 0.0646 | 0.1656+0.0218 | 0.0587+0.0182 | 27.56+0.91
SOMM 0.8016+0.0150 | 0.7901+£0.0138 | 0.7677+0.0170 | 0.7887+0.0144 | 0.7552+0.0160 | 20.32+1.10
SMOTE-CLS 0.7587+0.0102 | 0.7680+0.0092 | 0.7331+0.0122 | 0.7607=+ 0.0095 | 0.7294+ 0.0107 | 47.12+0.59
KFCGAN-OVO | 0.8550 +0.0065 | 0.8302+ 0.0053 | 0.7872+ 0.0081 | 0.8386+ 0.0054 | 0.8240+0.0055 | 100.12 +0.47
aba OCH-SMOTE 0.0980+0.0157 | 0.0981+0.0131 | 0.0117+0.0053 | 0.0896=+0.0084 [ 0.1388+0.0128 48.36+2.21
SOMM 0.9545+£0.0061 | 0.9535+0.0065 | 0.9522+0.0068 | 0.9530=+0.0066 [ 0.9380+ 0.0086 1.30+0.25
SMOTE-CLS 0.5469 £0.0069 | 0.5605+0.0066 | 0.4342+0.0142 | 0.5448+0.0061 | 0.5442+0.0068 | 71.94+0.57
KFCGAN-OVO | 0.9288 £0.0061 | 0.9261+ 0.0064 | 0.9236=+ 0.0069 | 0.9270+ 0.0063 | 0.9076+ 0.0080 | 191.90 +0.78
ur OCH-SMOTE 0.7688 +0.0866 | 0.8355+0.0902 | 0.9377+0.0095 | 0.7897+0.0887 | 0.9166+ 0.0106 15.31+£0.45
SOMM 0.9715+0.0043 | 0.9712+0.0044 | 0.9702+ 0.0046 | 0.9708=+0.0045 | 0.9639+0.0055 | 13.61 +£0.37
SMOTE-CLS 0.9799 £0.0024 | 0.9794+0.0026 | 0.9788+0.0028 | 0.9792+ 0.0026 | 0.9742+ 0.0032 | 60.80 +0.22

1810| Vol. 11, No. 4,2026




Rawat et al.. KFCGAN-OVO: A Novel Kalman Filter-Integrated CGAN Approach for ...

Data complexity analysis: We also investigated the performance of KFCGAN, OCH-SMOTE, SOMM, and
SMOTE-CLS in managing the dataset’s complexity. The resampled datasets were evaluated for data
complexity using the metrics in Table 9 (see Appendix A.2). These measures are computed using the open-
source Problexity Python library (Komorniczak & Ksieniewicz, 2022). Table 10 lists the data complexity
classes and associated ranges of values. Here, 0 indicates a lower value, and 1 is the highest value. The
classes are divided into five groups based on the data sets’ difficulty: a lower entropy value for the class
proportions (C1) signifies a highly imbalanced distribution, resulting in lower data complexity; conversely,
a higher entropy value indicates a uniform class distribution and thus higher data complexity; additionally,
a larger imbalance ratio (C2) reflects greater imbalance and complexity. A more complex issue is indicated
by the higher value of the F1 measure, which lies between 0 and 1 and reflects the overlap of feature values
across classes. F1.v, a variant of F1 that employs a "directional vector," displays lower values compared to
F1. F2 represents the volume of the overlapping regions. A low value indicates small overlap and small
data complexity. Higher F3 and F4 scores suggest higher difficulties. The larger values of the
dimensionality measures T2, T3, and T4 indicate higher data complexity. Higher values indicate increased
complexity for all linearity-focused complexity indicators, including L1, L2, and L3. There are six
neighborhood measures, including “Local Set Average Cardinality” (LSC), T1, N1, N2, N3, and N4. Larger
values for T1, N1, N2, N3, and N4 indicate higher complexity. Conversely, a smaller LSC value signifies
greater complexity. Density, cluster coefficient (ClsCoef), and Hubs measures are used to quantify the
complexity of a network. High values of density, ClsCoef, and Hubs scores indicate high complexity
(Eberlein et al., 2025).

Table 10. Range of values for various classes of data complexity.

S. No. Complexity class Complexity range
1. Extremely Difficult 0.71to 1.00
2. Difficult 0.51t0 0.70
3. Medium 0.31t0 0.50
4. Simple 0.11 t0 0.30
S. Extremely Simple 0.00to0 0.10

For Tables 11-15, refer to the Appendix A.2. Table 11 displays the computed values of all data complexity
measures for each of the original multiclass datasets given in Table 3. The last row of the table contains
the overall complexity score for each dataset. Thus, for all multiclass datasets resampled (or augmented)
using the KFCGAN, OCH-SMOTE, SOMM, and SMOTE-CLS methods, Tables 12-15 provide the values
of all data complexity measures, respectively. Again, each table’s last row contains the dataset’s overall
complexity score. The overall data complexity scores for each dataset are shown in Table 16, which enables
a comparison of how well KFCGAN, OCH-SMOTE, SOMM, and SMOTE-CLS handle data complexity.
The findings show that the KFCGAN is more effective in reducing the overall data complexity of the
datasets and outperforms the others in handling the complexity of massive, intricate, and highly imbalanced
multiclass datasets. The results of our proposed KFCGAN method provide an answer to the third research
objective (RO3).

Table 16. Comparison of KFCGAN, OCH-SMOTE, SOMM, and SMOTE-CLS in mitigating the data complexity of
multiclass datasets.

Resampling Overall data complexity scores

techniques win cme bal dry gla 7200 car lym wqr yes abs wqw aba nur
NO Sampling 222 | 479 45.8 15.7 24.1 24.0 39.0 31.8 374 30.2 194 393 29.9 32.7
KFCGAN 13.1 21.0 28.1 9.5 14.3 18.8 17.4 21.5 19.4 17.1 14.3 17.7 15.8 21.0
OCH-SMOTE 179 [ 419 38.9 18.9 21.7 15.2 324 18.9 30.8 23.9 19.1 313 214 24.7
SOMM 20.1 47.0 43.5 21.0 22.8 20.0 334 20.0 28.9 20.0 20.2 28.1 20.2 25.6
SMOTE-CLS 234 | 204 41.9 15.0 20.4 14.4 333 19.6 29.1 24.0 20.3 313 20.0 25.7
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Computational complexity analysis: The results in Table 7 demonstrate that KFCGAN-OVO takes the
longest to execute, from 1.02 seconds on smaller datasets like bal to 154.90 seconds on larger datasets like
dry and 146.51 seconds on nur. This extra work is a lot more than what classic resampling methods like
OCH-SMOTE or SOMM need. For many datasets, they can finish in less than a second. The CGAN is
utilized for data augmentation and the OVO classifier is used for multiclass discrimination at the same time,
which makes the run time longer. KFCGAN-OVO works well and consistently on a wide range of datasets,
making it a good candidate for cases where accuracy is more critical than speed, even if it needs more
processing resources. Table 8 also shows that KFCGAN-OVO is far more computationally complex than
other methods of resampling. For instance, it takes 156.03 seconds on the dry dataset, which is much longer
than OCH-SMOTE (30.60 seconds), SOMM (12.51 seconds), and SMOTE-CLS (64.35 seconds). Likewise,
on bigger datasets like nurand aba, the timingsare 191.90 s and 100.12 s, respectively. This is because of
the extra time needed for GAN-based synthetic data generation and the one-vs-one SVM method. Even
though these runtimes are longer, KFCGAN-OVO always performs better on all metrics (Pmacro, MAVA,
MG, MFM, Kappa), which means that there is a trade-off between speed and accuracy.

6.2 Wilcoxon Signed-Rank Test

The Wilcoxon signed-rank (Rey & Neuhéuser, 2011) test is used to compare the statistical pairwise
performance of the CART and SVM models. The comparative analysis (refer to Table 17) reveals that the
relative performance of CART and SVM varies across datasets, using the Wilcoxon signed-rank test, effect
size measures, and bootstrap 95% confidence intervals. Significant difference (p < 0.05) is observed for
cmc, car, wqr, abs, wqw, aba, and nur datasets, indicating strong evidence of model superiority in these
cases. Among these, the car and nur datasets show large positive effect sizes and strictly positive confidence
intervals, demonstrating a clear advantage for SVM. Conversely, datasets such as cmc, wqr, abs, wqw, and
aba exhibit large negative effect sizes with entirely confident intervals, confirming the consistent superiority
of CART. For the remaining datasets, the p-values and confidence intervals indicate no statistical difference
between the two models. Overall, the results highlight that neither CART nor SVM universally dominates;
instead, directionally consistent differences are confirmed by both effect size magnitude and bootstrap
confidence intervals. Figure 5(a)-(n) (see Appendix A.3) shows that the per-fold F1-score distributions
across all 14 datasets reveal clear performance differences between CART and SVM. Overall, SVM demon-
strates more stable and consistently higher F1-scores on most datasets, indicated by tighter and higher-
distribution ranges. CART has more variation and lower F1 scores in some cases, especially when the
datasets are more complicated. These results suggest that SVM generally offers superior predictive
reliability across diverse data characteristics, while CART may be more sensitive to dataset complexity and
variability. The calibration curves (Figure 6(a)-(n), refer to the Appendix A.3) indicate notable differences
in the probabilistic reliability of CART and SVM across the data sets. Overall, SVM exhibits smoother and
better-aligned calibration with the ideal diagonal reference line for most data sets, reflecting more reliable
probability estimates. In contrast, CART frequently displays greater deviations from perfect calibration,
suggesting overconfidence or underconfidence in certain probability ranges. These findings highlight
SVM’s superior ability to produce well-calibrated predictions across diverse data scenarios, while CART’s
probability estimates tend to be less consistent and more dataset-dependent.

Table 17. Statistical evaluation of CART vs. SVM performance on KFCGAN-OVO-augmented multiclass datasets
using Wilcoxon signed-rank tests, effect size metrics, and bootstrap-derived confidence intervals.

Dataset p-value Wilcoxon _stat Paired Cohen’s d Cliff’s delta Mean difference bootstrap 95% CI
win 0.2500 0.00 -0.621 -0.300 -0.0144 [-0.0287,0.0000]
cmce 0.0020 0.0 -2.546 -0.980 -0.0474 [-0.0589, -0.0365]
bal 0.4922 20.0 0.199 0.060 0.0076 [-0.0138,0.0309]
dry 0.5566 21.0 -0.187 -0.220 -0.0002 [-0.0008, 0.0004]
gla 0.4922 20.0 0.366 0.200 0.0161 [-0.0098,0.0431]
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Table 17 continued...

Z00 0.5566 21.0 -0.363 -0.140 -0.0189 [-0.0503, 0.0097]
car 0.0020 0.00 7.228 1.000 0.0954 [0.0870,0.1027]
lym 0.1934 14.0 -0.543 -0.360 -0.0418 [-0.0859,0.0039]
wqr 0.0059 2.00 -1.486 -0.760 -0.0297 [-0.0419,-0.0176]
yes 0.0840 10.0 -0.687 -0.240 -0.0079 [-0.0144,-0.0007]
abs 0.0039 1.00 -1.650 -0.540 -0.0177 [-0.0237,-0.0107]
wWqwW 0.0020 0.00 -3.719 -1.000 -0.0378 [-0.0431,-0.0313]
aba 0.0020 0.00 -4.271 -0.960 -0.0175 [-0.0199,-0.0153]
nur 0.0020 0.00 7.797 1.000 0.0564 [0.0520, 0.0606]

7. Conclusion and Future Directions

In this research, we have proposed a novel KFCGAN-OVO technique to address the issues raised due to
imbalanced data distribution, class overlapping, noise, and high dimensionality of data sets. It is a hybrid
technique to merge the Kalman filter to filter out the noisy samples, CGAN to rebalance the data sets, and
the OVO strategy to tackle the issues of high dimensionality. The findings suggest that the proposed method
is more reliable for addressing issues with large and complex multiclass imbalance problems. The results
are verified on three fronts: performance, computing time, and data complexity. On these terms, KFCGAN -
OVO outperformed the OCH-SMOTE, SOMM, and SMOTE-CLS techniquesusing CART/SVM as a base
classifier. The superiority of KFCGAN-OVO is also tested for the statistical performance of CART vs.
SVM on multiclass datasets using the Wilcoxon signed-rank test. The findings highlight SVM’s superior
ability to produce well-calibrated predictions across diverse data scenarios, while CART’s probability
estimates tend to be less consistent and more dataset-dependent.

The limitations (see Appendix A.4) of the KFCGAN-OVO approach incurs comparatively high computing
costs because it utilizes both CGAN and OVO methods; however, it remains manageable for highly
complex and imbalanced multiclass data sets while achieving high performance and better accuracy. In the
near future, we will use a different GAN model and filter to reduce computing costs and also enhance the
performance of the KFCGAN-OVO method.

Appendix
A.1: The samples distribution of the multiclass imbalanced and KFCGAN’s augmented data sets.
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Figure 4. The sample distribution of the classes for the augmented datasets: (a) win, (b) cmc, (¢) bal, (d) dry, (e) gla,
(f) zoo, (g) car, (h) lym, (i) wqr, (j) yes, (k) abs, (1) wqw, (m) aba, and (n) nur. In figures, the red oval indicates noisy

samples.

A.2: Description of measures and additional results of the data complexity analysis.

Table 9. Description of data complexity measures and their classes (Eberlein et al., 2025).

Class Description Data complexity metric Notation Value description
Balanee Distribution of samples Entropy of Class Proportion Cl aHslsgc}:C;;rilng ljvrilt;ehlisgh
among the classes Imbalance Ratio C2 .
complexity
. . Average Number of Points per Dimension T2 Large values indicate
. . . Describe the sparsity of -
Dimensiona ity the data Average Number of Points per PCA T3 a more complex
Ratio of the PCA Dimension to the Original T4 problem
Sum of the Error Distance by Linear Programmin, L1
. . Refers the separability of e - Y & £ Large values show
Linearity the classes Error rate of a linear classifier L2 high complexity
Non-linearity of a linear classifier L3
Rel decisi Fraction of Borderline Points N1
b ey ((i)n . e01810nl d Ratio of Intra/Extra Class Nearest Neighbor Distance N2 Hi lues indicat
Neighborhood noil;l]balsgs’ (()1V§ir fprf’ an Error Rate of the Narest Neighbor N3 hilg%lll Vanlxels )l(rilt lcate
clghbornood distances. Non-linearity of the Narest Neighbor ClassifierN4 N4 complexity
Fraction of Hypersphere Covering Data T1
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Table 9 continued...

Local Set average Cardinality LSC ngh scores indicate
simpler problems
The NN algorithm is used | Average Density of the Network Density Hieh values indicate
Network to convert the data into a Clustering Coefficient ClsCoef higgh complexit
graph Hubs Score Hubs plexity
Maximum Fisher’s Discriminant Ratio F1
Refers to how helpful the Dlrf:ctlonal -vector maximum Fisher’s discriminant Flv . o
. . b . ratio High values indicate
Overlap information provided is for - - . .
) ration Volume of the overlapping region F2 high complexity
class separation. Maximum individual feature efficiency F3
Collective feature efficiency F4

Table 11. Data complexity analysis of the original imbalanced multiclass datasets across various measures.

Complexity Dataset

measures win cme bal dry gla 7200 car lym wqr yes abs wqw | aba | nur
Density 091 094 | 0.88 | 0.67 079 | 0.83 | 095 | 092 0.95 093 | 0.76 095 | 0.74 | 0.97
ClsCoef 0.55 043 | 052 | 0.21 038 | 0.57 | 0.60 | 0.76 0.55 0.61 0.18 0.52 | 0.25 | 0.66
Hobs 0.79 1 0.84 | 0.66 | 0.53 0.61 0.65 072 | 0.71 0.84 | 0.81 0.62 0.85 | 0.56 | 0.77
L1 0.00 | 0.18 | 0.01 0.08 0.02 | 0.00 [ 0.19 | 0.00 0.05 0.01 0.01 0.06 | 0.02 | 0.02
L2 0.00 | 0.33 | 0.07 | 0.01 0.05 0.00 | 0.11 0.02 0.07 | 0.07 | 0.06 0.08 [ 0.12 | 0.05
L3 0.00 | 0.29 | 0.03 0.01 0.04 | 0.00 | 0.10 | 0.01 0.07 | 0.06 | 0.05 0.07 | 0.11 | 0.04
T2 0.11 0.01 0.01 0.00 0.17 | 0.79 | 0.01 0.69 0.07 | 0.07 | 0.01 0.04 | 0.05 | 0.00
T3 0.08 | 0.00 | 0.01 0.00 0.08 | 0.30 | 0.01 0.21 0.05 0.01 0.00 0.02 | 0.01 | 0.00
T4 074 | 0.22 1.00 | 0.06 044 | 041 097 | 049 0.75 0.11 0.35 0.77 [ 025 | 0.90
Fl 0.15 0.85 | 0.85 ] 0.10 038 | 002 | 079 | 032 0.71 038 ] 0.18 0.83 [ 0.61 | 0.57
Fl.v 0.03 0.57 1023 0.03 0.09 | 003 | 043 0.05 022 | 0.14 [ 0.10 0.27 [ 025 0.19
F2 0.00 | 0.77 1.00 | 0.00 0.00 | 0.00 | 0.11 0.04 0.02 | 0.00 [ 0.04 0.02 [ 0.05] 0.10
F3 0.15 0.96 1.00 | 0.26 026 | 005 | 055 | 0.17 0.68 | 051 048 0.70 | 0.56 | 0.27
F4 0.00 | 0.96 1.00 | 0.16 0.06 | 0.00 | 0.21 0.15 037 | 029 | 0.29 049 | 038 | 0.14
NI 0.02 | 0.19 | 0.09 | 0.03 0.05 0.03 | 0.03 0.04 0.06 | 0.10 [ 0.04 0.06 [ 0.08 | 0.02
N2 031 042 ] 037 ] 0.04 0.23 023 ] 033 0.29 027 | 0.11 0.12 026 | 0.20 | 0.23
N3 0.02 | 037 | 0.19 | 0.05 0.07 | 0.01 0.03 0.05 0.10 | 0.16 | 0.07 0.08 [ 0.16 | 0.05
N4 0.01 0.28 | 0.09 | 0.04 0.08 | 0.00 [ 0.06 | 0.09 0.07 | 021 0.05 0.07 [ 0.11 | 0.02
Tl 029 | 0.78 | 041 0.13 025 | 038 | 044 | 034 036 | 025 | 0.13 033 | 032 | 0.20
LSC 0.69 1.00 | 094 | 0.71 066 | 047 | 094 | 047 0.83 091 0.72 090 | 0.83 | 0.76
Cl 0.01 0.04 | 027 | 0.11 0.21 0.17 | 040 | 0.52 049 | 0.37 | 0.00 0.56 | 037 | 0.58
C2 0.04 |1 0.09 | 045 | 022 038 | 033 | 059 | 0.65 0.65 0.54 ] 0.00 0.71 [ 0.53 | 0.65
g"e”'" . 222 | 479 | 458 | 157 | 241 | 240 | 390 | 318 | 374 | 302 | 194 | 393 | 299 | 327

omplexity Score

Table 12. Data complexity analysis of the multiclass datasets augmented using the KFCGAN method across various

measurces.

Complexity Dataset

Measures win cmce bal dry gla 700 car lym wqr | yes abs wqw | aba nur
Density 0.80 0.86 0.76 0.62 0.81 0.78 0.71 0.80 0.76 | 0.74 | 0.75 0.73 0.63 0.82
ClsCoef 0.16 0.27 0.21 0.11 0.23 0.23 0.17 0.20 0.18 ] 0.16 | 0.11 0.20 0.09 0.31
Hobs 0.68 0.72 0.67 0.58 0.70 0.66 0.59 0.68 0.62 | 0.62 | 0.62 0.60 0.53 0.69
L1 0.00 0.00 0.06 0.00 0.00 0.01 0.01 0.01 0.01 | 0.01 | 0.00 0.00 0.00 0.00
L2 0.01 0.02 0.15 0.00 0.01 0.07 0.05 0.06 0.06 | 0.05 | 0.02 0.05 0.03 0.04
L3 0.00 0.01 0.12 0.00 0.01 0.03 0.03 0.04 0.05 | 0.03 | 0.01 0.03 0.02 0.03
T2 0.09 0.01 0.01 0.00 0.06 0.21 0.00 0.11 0.01 | 0.01 [ 0.05 0.00 0.01 0.00
T3 0.02 0.01 0.00 0.00 0.02 0.05 0.00 0.04 0.00 | 0.00 | 0.01 0.00 0.00 0.00
T4 0.23 0.70 0.58 0.10 0.35 0.23 0.56 0.40 0.35 | 035 [ 0.19 0.50 0.25 0.53
F1 0.10 0.27 0.35 0.03 0.11 0.18 0.14 0.40 0.18 | 0.16 | 0.15 0.15 0.19 0.13
Fl.v 0.01 0.06 0.21 0.01 0.02 0.06 0.07 0.10 0.10 | 0.07 | 0.03 0.08 0.05 0.08
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Table 12 continued...

F2 0.03 0.01 0.07 0.00 0.00 | 0.00 | 0.00 | 0.00 0.04 | 0.01 | 0.00 0.00 | 0.05 0.01
F3 0.00 | 0.62 | 0.68 0.04 0.05 027 1030 | 044 048 | 036 | 0.26 0.33 0.50 | 0.34
F4 0.00 | 0.09 | 0.63 0.01 0.00 | 0.01 0.12 0.07 0.29 | 0.18 | 0.07 0.12 0.27 0.18
N1 0.00 | 0.00 | 0.08 0.00 0.01 0.06 | 0.03 0.04 0.04 | 0.02 [ 0.02 0.03 0.02 0.07
N2 0.07 0.13 0.11 0.03 0.10 | 0.19 | 0.08 0.21 0.12 | 0.10 [ 0.08 0.08 0.08 0.13
N3 0.00 | 0.00 | 0.16 | 0.00 0.00 | 0.10 | 0.07 | 0.08 0.07 | 0.04 | 0.03 0.07 | 0.03 0.13
N4 0.00 | 0.01 0.15 0.00 0.01 0.07 | 0.06 | 0.07 0.05 | 0.04 | 0.03 0.05 0.03 0.11
T1 0.05 0.03 0.29 ] 0.00 0.05 022 | 0.11 0.20 0.13 | 0.10 [ 0.06 0.11 0.06 0.23
LSC 0.62 0.83 0.88 0.55 0.62 0.72 | 0.72 0.78 0.72 | 0.70 | 0.67 0.73 0.65 0.78
Cl 0.00 | 0.00 | 0.00 | 0.00 0.00 | 0.00 | 0.00 | 0.00 0.00 | 0.00 [ 0.00 0.00 | 0.00 | 0.00
C2 0.00 | 0.00 | 0.00 [ 0.00 0.00 | 0.00 | 0.00 [ 0.00 0.00 | 0.00 | 0.00 0.00 | 0.00 | 0.00
Overall 13.1 21.0 | 28.1 9.5 14.3 18.8 174 | 215 194 | 171 | 143 17.7 158 | 21.0
Complexity Score

Table 13. Data complexity analysis of the multiclass datasets resampled using the OCH-SMOTE method across
various measures.

Complexity Dataset

measures win cme | bal dry | gla Z00 car lym wqr yes abs | wqw | aba nur
Density 0.76 | 0.72 | 0.94 0.73 ] 0.86 0.81 0.95 082 | 0.88 0.83 0.85 | 0.85 0.74 [ 0.88
ClsCoef 0.28 0.21 | 046 0.16 | 0.26 0.26 0.45 0.40 | 0.23 0.22 0.16 | 0.20 | 0.15 0.47
Hobs 0.66 | 0.64 | 0.82 0.61 | 0.73 0.68 0.84 0.68 0.74 | 0.70 0.73 1 0.70 | 0.61 0.71
L1 0.00 | 0.24 | 0.02 0.00 | 0.01 0.00 0.08 0.00 | 0.09 0.04 0.01 | 0.09 | 0.02 0.02
L2 0.01 0.34 | 0.06 0.02 | 0.06 0.00 0.18 0.02 | 0.16 | 0.08 0.02 | 0.19 | 0.09 0.05
L3 0.00 | 0.31 | 0.03 0.01 | 0.05 0.00 0.15 0.01 0.13 0.06 0.02 | 0.17 | 0.07 0.04
T2 0.09 0.01 | 0.01 0.00 | 0.06 0.21 0.00 0.11 0.01 0.01 0.05] 0.00 | 0.01 0.00
T3 0.01 0.00 | 0.01 0.00 | 0.03 0.08 0.00 0.06 | 0.01 0.01 0.02 | 0.00 | 0.00 | 0.00
T4 0.08 0.37 | 1.00 029 ] 047 0.40 1.00 0.57 1074 |0.70 045 ] 0.78 041 091
F1 0.20 | 0.89 | 0.81 0.26 | 0.37 0.02 0.55 0.13 0.65 0.39 0.29 | 0.72 0.40 0.29
Fl.v 0.03 0.64 | 0.17 0.05 | 0.09 0.03 0.35 0.04 | 033 0.20 0.13 ] 040 | 0.20 0.15
F2 0.00 | 0.04 | 0.49 0.00 | 0.00 | 0.00 0.05 0.00 | 0.00 | 0.00 0.00 | 0.01 0.02 0.02
F3 0.22 0.95 1 0.97 0.52 ] 043 0.03 0.67 0.17 | 0.80 | 0.56 0.32 ] 0.82 0.48 041
F4 0.00 | 0.89 | 0.94 031 ] 0.14 | 0.00 0.38 0.13 0.53 0.21 0.10 | 0.54 | 035 0.17
N1 0.08 0.18 | 0.07 0.01 | 0.03 0.01 0.04 0.02 0.07 0.04 0.09 | 0.06 | 0.13 0.03
N2 0.14 | 041 | 031 0.18 ] 0.14 | 0.10 0.21 0.18 0.14 | 0.15 0.10 | 0.13 0.08 0.19
N3 0.12 034 | 0.11 0.02 | 0.03 0.00 0.03 0.03 0.05 0.04 0.02 | 0.03 0.03 0.04
N4 0.10 | 0.29 | 0.06 0.02 | 0.05 0.00 0.07 0.02 0.07 0.04 0.02 | 0.08 0.06 0.03
T1 0.31 0.76 | 0.34 0.10 ] 0.18 0.15 0.21 0.18 0.21 0.16 0.11 | 0.18 0.10 0.18
LSC 0.86 1.00 | 0.96 0.87 ] 0.79 0.55 0.93 0.60 | 093 0.83 0.74 1 094 | 0.75 0.84
Cl 0.00 | 0.00 | 0.00 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00 | 0.00 | 0.00 | 0.00
C2 0.00 | 0.00 | 0.00 0.00 | 0.00 | 0.00 0.00 0.00 | 0.00 | 0.00 0.00 | 0.00 | 0.00 | 0.00
Overall 179 | 419 | 38.9 189 | 21.7 15.2 324 189 | 30.8 | 23.9 19.1 | 31.3 214 24.7
Complexity Score

Table 14. Data complexity analysis of the multiclass datasets resampled using the SOMM method across various

measures.
Complexity Dataset
Measures win | cmc | bal dry gla Z00 car lym wqr yes abs | wqw | aba nur
Density 093] 096 [ 094 | 0.89 0.89 | 0.87 0.95 0.86 097 | 0.87 0.86 | 0.95 0.86 0.88
ClsCoef 0.59 ] 044 [ 0.50 | 0.49 0.50 | 0.51 0.52 0.50 | 048 0.51 0.32 | 0.56 0.32 0.49
Hobs 0.81 | 0.88 [ 0.77 | 0.74 | 0.75 0.74 0.84 | 0.71 0.89 | 0.74 0.72 | 0.85 0.72 0.72
L1 0.00 | 0.14 | 0.02 0.50 | 0.01 0.00 0.06 | 0.00 | 0.01 0.00 0.10 | 0.01 0.10 0.02
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Table 14 continued...

L2 0.00 [ 033 ] 0.09 | 0.07 [ 0.05 | 0.00 | 0.18 | 0.02 | 0.09 | 0.00 | 0.05 | 0.09 | 0.05 0.06
L3 0.00 [ 030 | 0.06 | 0.05 [ 0.04 | 000 | 0.15 | 0.01 0.06 | 0.00 | 0.03 ] 0.06 | 0.03 0.04
T2 0.09 [ 0.01 | 0.01 0.00 | 0.06 | 0.21 0.00 | 0.11 0.01 0.21 0.05 | 0.00 | 0.05 0.00
T3 0.01 [ 0.00 | 0.01 0.00 | 0.03 | 0.01 0.00 | 0.05 [ 0.00 | 0.01 0.00 | 0.00 | 0.00 0.00
T4 0.08 [ 022 ] 1.00 | 0.12 [ 055 | 006 | 092 | 043 | 0.15 | 0.06 | 0.05 | 0.18 | 0.05 0.82
F1 0.16 [ 0.86 | 0.80 | 0.16 | 0.29 | 0.02 0.56 | 0.16 | 039 | 0.02 025 | 037 | 0.25 0.28
Fl.v 0.03 [ 0.56 | 0.18 | 0.04 | 0.09 | 0.03 036 | 0.04 | 0.13 | 0.03 0.06 | 0.15 | 0.06 0.17
F2 0.00 [ 0.68 | 1.00 [ 0.00 | 0.00 | 0.00 | 0.11 0.00 | 0.02 [ 0.00 [ 0.00| 0.02 | 0.00 0.10
F3 0.16 [ 096 | 1.00 | 026 | 0.33 | 0.03 0.65 | 0.17 | 0.70 | 0.03 040 | 0.70 | 0.40 0.41
F4 0.00 [ 096 | 1.00 | 0.12 [ 0.06 | 000 | 039 | 0.14 | 040 | 0.00 | 0.10 [ 0.38 | 0.10 0.17
NI 0.07 [ 0.18 | 0.11 0.04 | 0.03 | 0.08 0.03 | 0.02 | 0.09 | 0.08 0.07 | 0.09 | 0.07 0.02
N2 0.13 [ 042 ] 038 | 0.06 | 026 | 0.23 029 | 024 | 022 | 0.23 0.05 | 0.19 | 0,05 0.26
N3 0.13 [ 035 ] 023 | 0.07 | 0.05 | 0.08 0.06 | 0.03 | 0.15 | 0.08 0.13 | 0.14 | 0.13 0.04
N4 0.10 [ 029 | 0.08 | 0.07 [ 0.04 | 0.16 | 008 | 002 | 0.15 | 016 | 017 0.16 | 0.17 0.03
Tl 030 [ 0.80 | 043 | 0.14 | 020 | 045 024 | 021 045 | 045 022 ] 035 | 022 0.24
LSC 0.84 [ 1.00 | 097 | 0.77 | 0.79 | 0.92 095 | 0.67 | 098 | 092 0.80 | 0.94 | 0.80 0.86
Cl 0.00 [ 0.00 | 0.00 | 0.00 [ 0.00 | 0.00 | 0.00 | 0.00 [ 0.00 | 0.00 | 0.00 [ 0.00 | 0.00 0.00
C2 0.00 [ 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 [ 0.00 | 0.00 0.00
Overall 20.1 | 47.0 | 435 | 21.0 | 22.8 | 20.0 | 334 | 20.0 | 289 | 20.0 | 20.2 | 28.1 | 20.2 25.6
Complexity Score

Table 15. Data complexity analysis of the multiclass datasets resampled using the SMOTE-CLS method across
various measures.

Complexity Dataset

measures win | cmc bal dry gla Z00 car lym | wqr yes abs wqw aba | nur
Density 0.99 | 0.82 0.95 0.75 0.82 0.81 0.96 0.87 1 094 | 095 0.84 0.97 0.77 | 0.89
ClsCoef 0.75 1 0.25 0.47 0.23 0.25 0.14 0.48 0321034 021 0.07 0.23 0.15 | 047
Hobs 0.94 | 0.69 0.87 0.65 0.69 0.70 0.86 0.76 | 0.83 0.87 0.73 091 0.64 | 0.74
L1 0.00 | 0.00 0.01 0.00 0.00 0.00 0.09 0.00 | 0.03 0.03 0.01 0.05 0.01 | 0.02
L2 0.00 | 0.03 0.05 0.01 0.03 0.00 0.21 0.01 | 0.11 0.09 0.03 0.17 0.08 | 0.06
L3 0.00 | 0.02 0.03 0.00 0.02 0.00 0.18 0.00 | 0.08 0.06 0.02 0.14 0.07 | 0.04
T2 0.09 | 0.06 0.01 0.00 0.06 0.21 0.00 0.11 | 0.01 0.01 0.05 0.00 0.01 | 0.00
T3 0.07 | 0.04 0.01 0.00 0.04 0.08 0.00 0.06 | 0.01 0.01 0.02 0.00 0.00 | 0.00
T4 0.74 | 0.56 1.00 | 0.23 0.58 0.39 0.97 0.56 | 0.71 0.65 0.46 0.74 033 | 091
F1 0.14 ] 0.30 0.80 | 0.09 0.30 0.02 0.60 0.13 | 048 031 0.34 0.64 0.35 ] 030
Fl.v 0.03 | 0.07 0.16 | 0.02 0.07 0.03 0.38 0.06 | 0.18 0.15 0.16 031 0.16 | 0.16
F2 0.00 | 0.00 1.00 | 0.00 0.00 0.00 0.11 0.04 | 0.02 | 0.01 0.01 0.03 0.03 | 0.10
F3 0.16 | 0.34 1.00 [ 0.26 0.34 0.05 0.72 0.20 | 0.77 | 0.54 0.44 0.82 042 | 043
F4 0.00 | 0.07 1.00 [ 0.17 0.07 0.00 0.40 0.15 [ 049 [ 0.28 0.14 047 0.27 | 0.17
NI 0.01 | 0.03 0.07 ] 0.00 0.03 0.01 0.00 0.08 | 0.03 0.08 0.26 0.18 0.20 | 0.11
N2 0.26 | 0.17 0.33 0.09 0.17 0.03 0.17 0.14 | 0.16 | 0.06 0.03 0.06 0.03 | 0.15
N3 0.02 | 0.04 0.11 0.01 0.04 0.00 0.00 0.02 | 0.03 0.01 0.01 0.01 0.01 | 0.03
N4 0.00 | 0.05 0.06 | 0.00 0.05 0.00 0.09 0.01 | 0.07 | 0.05 0.03 0.12 0.08 | 0.05
T1 0.25 ] 0.18 0.33 0.04 0.18 0.11 0.16 0.15 ] 0.20 | 0.09 0.07 0.10 0.05 | 0.15
LSC 0.68 | 0.76 0.96 | 0.74 0.76 0.57 0.95 0.64 | 091 0.82 0.76 0.95 0.74 | 0.88
Cl 0.00 | 0.00 0.00 | 0.00 0.00 0.00 0.00 0.00 | 0.00 | 0.00 0.00 0.00 0.00 | 0.00
C2 0.00 | 0.00 0.00 | 0.00 0.00 0.00 0.00 0.00 | 0.00 | 0.00 0.00 0.00 0.00 | 0.00
Overall 234 204 | 419 | 150 | 204 | 144 | 333 | 196 | 290 [240 | 203 | 313 | 200 | 257
Complexity Score
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A.3: Additional results of the wilcoxon signed-rank test using 10-fold cross-validation and 95% bootstrap
confidence intervals.
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Figure 5. Per-fold F1-score distribution (10-fold cross-validation) comparing CART and SVM across the datasets:
(a) win, (b) cme, (¢) bal, (d) dry, (e) gla, (f) zoo, (g) car, (h) lym, (i) wqr, (j) yes, (k) abs, (I) wqw, (m) aba, and (n)
nur.
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Figure 6. Calibration curves from 10-fold cross-validation comparing the probabilistic reliability of CART and
SVM across the datasets: (a) win, (b) cmc, (c) bal, (d) dry, (e) gla, (f) zoo, (g) car, (h) lym, (i) wqr, (j) yes, (k) abs,
(1) wqw, (m) aba, and (n) nur.

A.4: Limitations

CGAN and OVO have higher computing costs but for different reasons. CGAN needs to train a generator
and a discriminator simultaneously in an iterative adversarial learning process with many epochs of forward
and backward propagations, which makes the generation of synthetic samples much slower than the OCH -
SMOTE, SOMM, and SMOTE-CLS. On the other hand, OVO increases the computational complexity
because it breaks down a multiclass problem with C classes into C(C-1)/2 binary classification tasks,
necessitating the training and evaluation of a large number of classifiers. As the number of courses increases,
training and prediction times also increase significantly. Therefore, although CGAN and OVO can
effectively handle multiclass imbalance situations, their computing needs become higher for large-scale
datasets with multiple classes and high-dimensional feature spaces. When the dataset has too few samples
to determine the data’s true distribution, CGAN training may become unstable.
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    z  t , i


    x  t , i


    z  t , i =   H  i   x  t , i +   v  t , i


      x ^  t ∣ t − 1 , i =   F  i     x ^  t − 1 ∣ t − 1 , i ,   P  t ∣ t − 1 , i =   F  i 2   P  t − 1 ∣ t − 1 , i +   Q  i


      x ^  t ∣ t − 1 , i


      x ^  t ∣ t − 1 , i =   F  i     x ^  t − 1 ∣ t − 1 , i


      x ^  t ∣ t , i


    P  t ∣ t − 1 , i


    P  t ∣ t − 1 , i =   F  i 2   P  t − 1 ∣ t − 1 , i +   Q  i > 0


    z  t , i


    K  t , i =     P  t ∣ t − 1 , i   H  i    H  i 2   P  t ∣ t − 1 , i +   R  i


      x ^  t ∣ t , i =     x ^  t ∣ t − 1 , i +   K  t , i (   z  t , i −   H  i     x ^  t ∣ t − 1 , i )


    P  t ∣ t , i = ( 1 −   K  t , i   H  i )   P  t ∣ t − 1 , i


    K  t , i


    P  t ∣ t , i


    X ′ = [     x ^  t ∣ t , i  ]  t , i


      x ^  1 ∣ 1 , i =   z  1 , i


    P  1 ∣ 1 , i =   R  i


    X  s


  X ∈  ℝ  n × d


  n


  d


  Q


  1 ×  10  − 4


  R


  1 ×  10  − 1


    X  s ∈  ℝ  n × d


    X  s


  n × d


  j = 1 , 2 , . . . , d


      x ^ 0 =   X  1 , j


  P = 1 . 0


  i = 1 , 2 , . . . , n


  z =   X  i , j


      x ^  i − =     x ^  i − 1


    P − = P + Q


  K =     P −    P − + R


      x ^  i =     x ^  i − + K ( z −     x ^  i − )


  P = ( 1 − K )   P −


    X  s [ i , j ] =     x ^  i


    X  s


   [       −          r 12         r 21  −    …    r  1 n   …    r  2 n      ⋮          ⋮               r  n 1  …    ⋱  ⋮   …  − ]


  class =  arg ⁡    m a x  i = 1 ,   … ,   n     ∑  j = 1 ,     j ≠ i  n    s  i j


    s  i j =    {    1               i f     r  i j   >     r  j i   0                 O t h e r w i s e


  i = 1 … d


  X ∈  ℝ  N × d


    X ′ = [     x ^  t ∣ t , i ]


    F  i =   H  i = 1


  c = 1 … C


  G ( z , c ) →     x ^  c


  z


  c


  D ( x , c ) → [ 0 , 1 ]


  c


      X ′


      X ^  c


  𝒟 = { (   x  i ,   y  i ) }


  K


  CGAN


  G


  D


  target_strategy


    𝒟  b a l


  𝒟


  𝒟


    𝒟 train


    𝒟 test


    𝒟 train


    𝒟 train ′


  c ∈ { 1 , 2 , . . . , K }


    n  c = |  {   x  i :   y  i = c } |


    n target [ c ]


  target_strategy


  G


  D


  CGAN


  (   x  r e a l ,   y  r e a l ) ∈   𝒟  t r a i n ′


  z ∼ p ( z )


    x  f a k e = G ( z ,   y  r e a l )


  D


                   ℒ  D = 𝔼 [ l o g ⁡ D (   x  r e a l ,   y  r e a l ) ] + 𝔼 [ l o g ⁡ ( 1 − D (   x  f a k e ,   y  r e a l ) ) ]


  G


                    ℒ  G = 𝔼 [ l o g ⁡ ( 1 − D ( G ( z ,   y  r e a l ) ,   y  r e a l ) ) ]


  S = ∅


  c ∈ { 1 , 2 , . . . , K }


    M  c =   n  t a r g e t [ c ] −   n  c


  i = 1


    M  c


  z ∼ p ( z )


    x  s y n t h = G ( z , c )


  (   x synth , c )


  S


    𝒟  b a l =   𝒟  t r a i n ′ ∪ S


    𝒟 bal


    𝒟 bal


    X  a u g = [   X ′ ; G  ( z ,   1 ) ,   G  ( z ,   2 ) , . . . ,   G  ( z ,   C ) ]


  {   f  k l }


  y = { 1 , 2 , … , C }


    f  k l :  ℝ  d → ℝ


  k < l


    f  k l  ( x ) =     w  k l  T x +     b  k l


    y  i ∈ { k , l }


    y  i


  →


    y  i


  →


  h  ( x ) =      arg ⁡  m a x  c  ∑   { l ≠ c } H (   f  c l ( x ) > 0 )


  P m a c r o =    1  C     ∑  i = 1  C    P  i


    P  i =       T P  i    T P  i +   F P  i


  M A V A =    1  C   ∑  i = 1  C      T P  i    T P  i +   F N  i


  M G =      (   ∏  i = 1  C    R e c a l l  i )   1  C


    R e c a l l  i =       T P  i    T P  i +   F N  i


  M F M =    1  C     ∑  i = 1  C    F 1  i


    F 1  i =     2   P  i .   R e c a l l  i    P  i +   R e c a l l  i


  k =       p 0 −   p  e  1 −     p  e


    p  e


  N o i s e   R e d u c t i o n    ( % ) =     ( N R   −   N K )  N R × 100

