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Classification of unbalanced multiclass datasets is still a major challenge in
machine learning in many fields of applications, including medical
diagnostics, fraud detection, and picture classification, where minority
classes are the most crucial, but at the same time under-represented.
Classical classification algorithms designed for balanced data tend to overfit
the majority classes deeming alarge number of minority classes
misclassified and, as a result, compromising the model's performance. This
review covers the main state-of-the-art techniques for class imbalance
problems including under-sampling and over-sampling techniques,
ensemble approaches, cost-sensitive learning, and producing synthetic data
via SMOTE (synthetic minority oversampling technique). Recently, GANs
(Generative Adversarial Networks) have also been employed to generate
synthetic data, specifically valuable for complex datasets where realistic data
augmentation is needed. Each of these techniques is analyzed in terms of
their capability of dealing with imbalanced data through conventional
metrics such as accuracy and specific metrics for imbalanced datasets such
as Fl-score, G-mean, and others. Recent advancements, such as hybrid
approaches and learning from deep learning models are also discussed as
viable solutions given the complexities associated with big data (high
dimensional and large) and their corresponding models. Such comparative
analysis should facilitate the construction of more robust models that handle
complex data in modern applications.
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A. Introduction

The multi-class classification problem - the problem of classifying an
observation into two or more classes - from an imbalanced data perspective, has
received considerable attention in the machine-learning field since this problem is
widespread in real-world applications [1] [2]. When the classes in a dataset are not
equally represented - in other words, when an imbalance between classes exists -
it can be a major cause of the poor performance of a classification algorithm in
general, and those that were designed for the case of balanced classes in particular
[3]- The problem is particularly critical in medical diagnosis and fraud detection
cases [4]. Or image classification, where the less-represented class (the minority
class) is of higher importance, but its representation in the data is lower [5].
Studies also show that ordinary classification methods tend to be biased towards
favoring the majority class, causing minority classes to have high rates of
misclassification [6]. This can cause the developed models to fail to generalize well
because this minority class is often the class of interest [7]. For instance, some
studies show that across a whole suite of problems, simply having class imbalance
damages the overall performance metrics, typically based on accuracy or area
under the curve (AUC). This has led to the use of special techniques to overcome
these biases [8] [9].

Several ideas have been proposed for mitigating the effects of class
imbalance in multi-class classification. [10]. including resampling approaches,
involving either over-sampling of the minority class and under-sampling of the
majority class, that is, sampling a balanced version of the data; and ensemble
approaches, where multiple classifiers are combined into a single classifier to
improve the collective results of separate classifiers by leveraging strengths of
each algorithm to compensate the other [11]. More sophisticated techniques, such
as deep learning and reinforcement learning have been studied as well, and show
promise to achieve the same purpose of balancing the accuracy of minority classes
as a traditional cost-sensitive learning solution does [12]

Recent research on how to tackle the problem of multi-class classification
on imbalanced datasets mostly makes use of cost-sensitive learning, an approach
that assigns high misclassification costs to minority classes, so that they get more
attention in the training phase [13]. Similarly, recent developments indicate that
cost-sensitive learning can improve the classification of minority classes, especially
in critical areas like medical diagnosis, fraud detection, and tobacco studies, where
errors have potentially severe consequences [14]. Further combining this
approach with resampling techniques, such as either under-sampling the majority
class or oversampling the minority class, has been proven to provide better model
performance [15].

Another good way to deal with imbalanced data is to make fake data using
methods like SMOTE [16]. SMOTE creates new samples for the smaller class, which
helps balance the dataset and makes the model work better on new data [17]. New
research has started to use GANs to make realistic fake data. This has been helpful
in tricky areas like image sorting and medical information [18]. These methods are
key to making classification models perform better when real-world data is very
uneven [19] [20].
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What's more, picking the right evaluation metrics plays a key role when working
with imbalanced datasets [21]. Regular metrics like accuracy can be misleading
[22]. So, it's better to use metrics that focus on how well the model handles
minority classes such as G-mean and F1-score, to get a more accurate picture of
how the model is doing [23]. This change highlights the need to create evaluation
strategies that show how classifiers perform with imbalanced data [24].

Tackling the problems of multi-class classification in uneven datasets needs
a many-sided approach. This includes using special algorithms resampling
methods, and the right evaluation measures. We need to keep studying this area to
build stronger models. These models should handle the complexities of uneven
data well. In the end, this will lead to better results in key applications.

This study looks at and compares different ways to boost multi-class
classification on uneven datasets. By checking out methods like resampling, cost-
sensitive learning, and cutting-edge models, it tries to show how well they work to
make under-represented classes perform better in key areas like spotting fraud
and diagnosing medical conditions.

The hint of this paper is organized as follows. Section 2 reviews different
methods for handling imbalanced multiclass data, counting resampling approach,
cost-sensitive learning, and deep learning approaches. Section 3 instant the results
of the comparative analysis and highlights the strengths and circumspection of
each method. A discussion of these findings is conferred in Section 4. Finally, the
conclusion in Section 5 summarizes the key acumen and offers suggestions for
future research.

B. Theoritical Background

B.1 Multi-class Classification

Multi-class Classification Predicting one of three or more potential class
labels for a particular instance is known as multi-class classification [25]. Unlike
binary classification, which has only two possible outcomes, multi-class
classification must manage more intricate decision boundaries across several
classes. It is extensively used in domains such as medical diagnostics, natural
language processing, and picture identification. Increased processing complexity
and possible class overlap are major obstacles that can make precise
categorization challenging. [26].

B.1.1 Techniques

e One-vs-Rest (OVR): This method allows binary classifiers to be reused by
dividing the multiclass problem into multiple binary classification tasks,
one for each class, as illustrated in Figure A.

e The One-vs-One (OVO): approach creates classifiers for each pair of
classes, producing a system that selects the class with the most "wins.", as
illustrated in Figure B [27].

e Native Multi-class Algorithms: Algorithms such as decision trees, k-
nearest neighbors (KNN), and neural networks are naturally suitable for
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multiclass classification without the need for disintegration into binary
tasks [28].

Confusion Matrix for OvR Classifier Confusion Matrix for OvO Classifier
0 1 2

True label

True label

predicted label
(a)

Figure 1. The confusion matrices for (a) One-vs-One (OvO) classifier and (b) One-
vs-Rest (OVR) classifier.

Predicted label

B.1.2 Challenges
o Complexity: This problem requires more processing because the model
must consider additional class barriers.
e C(Class Overlap: There is a greater incidental of class overlaps when there
are more classes, which may result in incorrect classification [29].

B.2 Imbalanced data in multiclass classification

Imbalanced datasets in multiclass classification appear when certain classes
have a disproportionately low number of instances. This imbalance may distort
model performance, favoring majority classes while misclassifying or overlooking
minority classes. Opposition classes frequently perform crucial events in
applications, such as disease diagnosis or fraud detection; thus, it is essential to
number this imbalance to agree on accurate and decent forecasts. [30].

B.2.1 Consequences of Class Imbalance

e Majority Class Bias: Models often predict the majority class more often,
overlooking the minority class. This happens even when the minority class
represents key outcomes in fields like fraud detection or medical diagnosis.

e Skewed Decision Boundaries: When data isn't balanced, the lines
between classes can get pushed closer to minority class examples. This
makes it harder for the model to learn general rules and leads to wrong
classifications [31].

B.2.2 Multi-class Imbalance Challenges

In contrast to the binary classification, imbalances can occur in varying
amounts across several classes. Resolving imbalances is more difficult because
every minority class may require different treatments. [32].
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B.3 Existing Approaches for Handling Imbalanced Data

B.3.1 Under-sampling / Oversampling

These techniques adjust the class distribution of the dataset to balance it
out by summing less of the majority class (under-sampling) or more of the
minority class (oversampling). These techniques are shown in Figure 2:
Relationship between Under-sampling and Oversampling Techniques, which
shows the influence of each one on the minority and majority classes in a 2D
dataset. Subsampling will lose data but oversampling might risk overfitting with
duplicates [33].

Undersampling Oversampling

Resample
the minority /
class !

Random Samples
\ Df majority class
U
. \

Original Dataset 0r|g|nal Dataset

Figure 2. compares under-sampling and over-sampling methods.

B.3.2 SMOTE

smote addresses class bias by calculating artificial minorities through
interpolation rather than duplicated data points [34]. This approach, as shown in
Figure 3: SMOTE Process, generates new, heterogeneous instances of the minority
class, maximizing the model’s exposure to the minority class and eliminating the
possibility of overfitting [35].
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Figure 3. [llustrates the SMOTE Process.

B.3.3 GAN

GANs are increasingly used to generate artificial data samples and are
useful for class imbalance in applications like medical imaging and object
recognition [36]. GANs are two neural networks (the generator and the
discriminator) that compete against each other to generate realistic data that
simulate the minority class, thereby broadening its image. This has proven useful
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in producing high-quality data, particularly for larger datasets where traditional
approaches cannot generate persuasive minority samples [37].

B.3.4 Ensemble
o Boosting techniques: Misclassified examples of minority-class instances
can be assigned extra weight by techniques such as AdaBoost and Gradient
Boosting, and performance can be boosted as a result [38].
e Bagging: bagging combines a bunch of training subsets with decision-tree
classification to improve both the accuracy of classification and deal with
imbalances [39].

B.3.5 Algorithmic Adjustments

o Ensemble Methods: Techniques such as boosting (e.g., AdaBoost, Gradient
Boosting) and bagging (e.g., Random Forests) improve performance on
imbalanced datasets by combining multiple models. Boosting emphasizes
learning from misclassified instances, which often include minority class
samples [40].

e Cost-conscious Learning: This method modifies the algorithm to make the
model more sensitive to minority classes by giving them larger
misclassification penalties [41].

B.4 Evaluation Metrics for Imbalanced Data

Therefore, when the data are imbalanced, the traditional accuracy metrics
become extremely misleading see Figure 4 below. As a result, a model can achieve
deceptively high accuracy levels by simply predicting the majority class, almost all
of the time. Instead, precision, recall, F1-score (the harmonic means of precision
and recall), and area under the receiver operating characteristic curve or AUC-ROC
(a2 number between 0 and 1, which measures the performance of a binary
classifier) are far more reliable performance metrics when working with
imbalanced data [42]. These metrics report on the performance of the model on
the minority class and are sensitive to the class distribution. Performance of a
model on an imbalanced dataset, with confusion matrix, key metrics, and ROC
curve depicting precision, recall, and overall classification accuracy [43][44].

Threshold: 0.50

Confusion matrix Metrics ROC curve

Actually | Actually Accuracy 8.85 =
Precision 8.85 o
— Recall ©.83 o
Predicted o
positive 9z

Predicted
negative

TPR

Figure 4. lillustrates the model's performance metrics, confusion matrix, and ROC
curve at a threshold of 0.50.
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B.5 Recent advances in multiclass classification for imbalanced data

More recently, research has shifted attention to sophisticated approaches to
classify unbalanced datasets by introducing a more sensitive model to minority
group samples. Specifically, cost-sensitive learning imposes additional penalties
for misclassifying different classes (a generally higher penalty for the minority
ones) or adapting deep learning models by tweaking the loss function or through
hybrid approaches [45].

B.5.1 Cost-sensitive Learning and Algorithmic Innovations

Cost-efficient learning modifies model training to ensure the correct
classification of minority classes by penalizing misclassification. This method is
extremely important for unbalanced multiclass environments, where standard
algorithms generally are not robust to underrepresented classes [46]. Realistic,
cost-effective models can dynamically weight minority classes more heavily,
causing the learning process to focus more on these examples. For example, focal
loss, a loss function tailored to a specific class, reduces the effect of easily
classifiable examples while increasing the impact of hard-to-classify samples, such
as minority class samples. Weighted cross-entropy functions work in much the
same way, but they tweak error propagation to privilege minority classes. This
value-based paradigm is especially effective in fields such as fraud detection,
where the minority group constitutes unusual, costly instances. Furthermore,
innovations enable cost-efficient tuning of deep neural networks, making the
approach flexible and extensible in different data domains [47].

B.5.2 Hybrid and Deep Learning Approaches

Hybrid approaches use resampling along with deep learning algorithms to
control the data imbalance. Resampling techniques like SMOTE initially create
artificial minority samples by interpolating over previously existing samples, thus
achieving greater diversity without redundancy. The weighted data
representations are passed into deep learning structures (CNN for images, RNN for
sequential data) which provide an excellent way to model complex data patterns.
Second, (GANs) have redefined synthetic data generation by producing authentic,
high-quality minority class samples through adversarial training where two
networks (a generator and a discriminator) continuously improve on one another
[48].Such GAN-generated data reduces overfitting risks posed by traditional
oversampling, which is particularly useful in domains such as medical imaging
where we cannot get much data from minority classes (e.g., rare diseases).
Furthermore, transfer learning extends these hybrid approaches by leveraging
pre-trained models as a starting point, tailoring them to the characteristics of
imbalanced datasets with few data to increase the generalization power of the
model to minority classes. Hybrid methods combine all of these methods to create
a more balanced class representation, thus facilitating the model to better handle
real-world, high-dimensional, complex datasets [49].
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C. Related Work

Table 1: Summary of multiclass classification studies and comparative analyses.
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images diagnostic integra  Accuracy: advanced es imbalanc in preprocessi
using categories:  ted into 82.3%. techniques. classific e; it has dermosco ng/postpro
the Swi AK, BCC, the ation good pic cessing
n BKL, DF, Swin perfor sensitivit images; improveme
transfor NV, etc. transfo mance y and andrelia nts.
mer rmer in specificit  nce on
model model. multicla . large
(2024). ss skin datasets
lesion for
diagnos training.
is.
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Multi- To plant Three The Accuracy, Achieved The High The Investigate
Class leaf PlantVillag  method Precision, 99%, propose accuracy, method is the use of
Classific diseases, e datasets combin Recall, F1- 96.6%, and d deep low only LBP
ation of including were used: ed Score, 98.5% and complexit tested on variants for
Plant apple, Apple Leaf hand- AUC-ROC  validation LBP y, better three more
Leaf tomato, (4,645 crafted  Curve, accuracies, feature feature datasets, robust
Disease and grape images, 4 LBP Confusion and 98.8%, combin extractio and there feature
s Using leaf classes), feature  Matrix. 96.5%, and ation n with is extraction,
Feature diseases Grape Leaf s with 98.3% test enhanc deep potential  expand the
Fusion with (4,639 deep accuracies es plant learning for method to
of Deep multiple images, 4 CNN for Apple, leaf and LBP overfittin classify
Convolu disease classes), feature Tomato, disease  fusion, g in real- diseases in
tional classes and s and Grape categori and time other
Neural for each Tomato utilizin datasets, zation effective applicatio crops, and
Networ leaftype. Leaf g max- outperform accurac unbalanc ns. Future test the
k and (18,160 pooling ing v, ed testing on model's
Local images, 10 layers traditional ~ outperf dataset other performanc
Binary classes), and CNNs and orming handling plant leaf e in real-
Pattern augmented  separa transfer existing via data datasets time edge
(2023). to address ble learning. method augmenta is computing
imbalances. convolu s while tion. required.  systems.
tions, reducin
then g
fused comput
the ational
feature costs.
s and
perfor
med
SoftMa
X
classific
ation.
Skin Classificat ISBI 2016, The Accuracy, Segmentati The High Data Explore
Lesion ion into ISBI 2017, project Fl-score, on suggest segmenta augmenta unsupervis
Segmen  seven ISBI 2018, involve AUC accuracy: ed tion tion was ed methods
tation skin PH2 for simage ISBI 2016 approac accuracy necessary and apply
and lesion segmentati  enhanc (95.38%), h with DSS duetothe the method
Multicla  classes on; ement ISBI 2017 outperf and imbalanc  to real-time
ss (e.g. HAM10000 with (95.79%), ormed feature e in the medical
Classific melanom for LCcHIV, ISIC 2018 numero optimizat classificat application
ation a, benign classificatio segmen (92.69%), us ion. ion s, especially
Using keratosis, n. tation PH2 cutting-  Effective dataset with
Deep basal cell using a (98.70%). edge combinati (HAM100 evolving
Learnin  carcinom 10- Classificati  method onof CNN 00). datasets or
g a, etc.). layer on accuracy s in feature natural
Feature CNN, on terms extractio skin
s and feature HAM10000 of n and lesions.
Improv extracti :90.67%. multicla optimizat
ed Moth on with ss ion
Flame ResNet classific  technique
Optimiz 101 ation s.
ation and and
(2021). DenseN skin
et201, lesion
and segmen
optimiz tation,
ation achievi
with ng
IMFO excellen
and t
KELM. accurac
y in
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Improvi
ng
Multicla
Ss
Classific
ation of
Fake
News
Using
BERT-
Based
Models
and
ChatGP
T-
Augme
nted
Data
(2022).

Multicla
ss blood
cancer
classific
ation
using
deep
CNN
with
optimiz
ed
features
(2023).

High-
precisio
n
multicla
Ss
classific
ation of
lung

Multiclas
S
classificat
ion

the Acute
Lymphob
lastic
Leukemia
(ALL)
into four
classes:
Benign,
Early Pre-
B, Pre-B,
and Pro-
B.

Multiclas
S
classificat
ion of 15
different
lung
diseases
using

1876
messages
in the
CheckThat!
Lab
datasets
from CLEF-
2022 were
classified as
true,
somewhat
false, false,
and other.

3262 blood
smear
photos
from 89
patients—
25 healthy
and 64
suspected
of having
ALL—are
included in
the
collection.
A Zeiss
microscope
was used to
take
pictures at
a
magnificati
on of 100x.

The

ChestX-
rayl4
dataset
consists of
112,120
frontal-
view X-rays

BERT-
based
models
(SBERT

RoBER
Ta,
mBERT
) with
ChatGP
T-
augme
nted
data for
class
balance

combo
of pre-
trained
CNN
models
(VGG19

ResNet
50,
Incepti
onV3)
for
feature
extracti
on,
followe
d by
feature
selectio
n
approa
ch(PCA,
LDA,
SVQ)
and ML
classifi
ers like
SVM
and LR.
Mobile
LungNe
tV2, a
variant
of
Mobile
NetV3,
was

Macro-
averaged
F1-score

Accuracy,
Precision,
Recall, F1-
Score,
Confusion
Matrix.

Accuracy,
Precision,
Recall,
Specificity
, FPR,
FNR, and
F1-score.
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exceeded
current
methods in
terms of
performanc
e.

Reached a
maximum
accuracy of
99.84%
using  the
Logistic
Regression
classifier,
ResNet50,
and SvC
feature
selection.

MobileLung
NetV2
achieved
96.97%
accuracy,
96.71%
precision,
96.83%

both
areas.
The
study
demons
trates
the
potenti
al of
transfor
mer
models
and Al-
generat
ed data
in
enhanci
ng fake
news
detectio
n
accurac
y across
multipl
e
classes.
The
suggest
ed
model
successf
ully
combin
ed CNN
architec
tures
with
feature
optimiz
ation
strategi
es to
improv
e the
accurac
y of
leukemi
a
classific
ation.

MobileL
ungNet
V2
excelled
in lung
disease
classific
ation

Improves
class
balance
by using
Al-
generated
data and
cutting-
edge
transform
er
models.

High
accuracy,
the
capacity
to handle
multiclas
S
classificat
ion of
blood
cancer,
and the
use of
nature-
inspired
algorithm
s  (PSO,
CS0O) for
feature
selection.

The fine-
tuned
MobileLu
ngNetV2
achieved
high
accuracy
(96.97%),

The
practical
applicatio
n of FND
needs
further
improve
ments;
challenge
S in
achieving
high
accuracy
in
multiclas
S
scenarios
remain.

Takes a
lot of
time and
computin
g power
to train; it
may have
trouble
with
smaller
datasets
or other
kinds of
medical
imaging.

The
dataset is
imbalanc
ed,
leading to
over-
represent
ation of

To increase
classificatio
n accuracy,
more
research
should be
done on
dataset
diversity
and model
improveme
nts.

Examine
more
sophisticat
ed
optimizatio
n methods,
make use of
bigger and
more
varied
datasets,
and look at
the wusage
of  cancer
classificatio
n schemes
other than
leukemia.

To increase
the
robustness
of the boost
model: 1)
increase
the size of
the dataset,
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disease  deep of the lungs fine- recall, and from X- precision, some and 2)
through learning from tuned 99.78% rays, recall, classes incorporate
customi  methods 30,805 and specificity, outperf and and more
zed (specifica  patients compar with orming  specificit  under- advanced
Mobile lly CNN- and ed with Emphysem  other y across represent optimizatio
NetV2 based). is annotate  the aat99.92% transfer classes, ation of ns such as
from d with 15 transfe specificity learnin  outperfor others, the
chest X- classes of r and g ming which monarch
ray diseases, learnin Pneumotho models other could butterfly
images including g rax at in CNN skew and HHO
(2023). cardiomega models: 98.06% accurac  models. performa  algorithms.
ly, Incepti recall. y and nce.
pneumonia, onV3, precisio
and AlexNet n.
emphysem , and
a. VGG19.
A Single- A dataset of K-NN Achieved  The The High Between  Further
machin  label 348 an overall martensite- study classificat  training research
e multiclas  samples performa  retained showed ion and could
learnin s was compil nce of austenite machin  accuracy; testing involve
g model classificat ed from 97.7% in {M, RA} e comprehe datasets, expanding
for ion 107 the type was learnin  nsive the the dataset
multi- problem articles, training found to be g dataset; model's with more
class involving  including dataset the most effectiv  ability to performa diverse
classific six types compositio and perplexing  ely explore nce samples
ation of of nal and 77.7% in class, classifie compositi differed and
quench  microstru heat the despite the s steel onal considera exploring
ed and ctures: treatment testing model's microst effects on bly; other
partitio  {M, B, parameters dataset excellent ructure  microstru certain machine-
ned RA}, {M, Features measured accuracy in s and cture; classes learning
steel F, B, RA}, include C, as f1- classifying  reveale potential = were techniques
microst {M, F, Mn, Si, Score. microstruct d how for harder to to improve
ructure RA}, {M, TMAE ure types. compos industrial correctly classificatio
type by F, RA, C}, (total ition applicatio categoriz n accuracy
the k- {M, RA}, microalloyi and nsin steel e. and
nearest and {M, ng heat design. generalizati
neighbo RA, C}. elements), treatme on
r Acl, Ac3, nt affect capabilities.
algorith Ms, QT, microst
m and PT. ructure
(2023). evolutio
n.
An Skin Utilizes the DCNN Accuracy, Achieved Class High Preproce  Further
effectiv. cancer HAM10000 compar recall, 98.5% imbalan classificat ssing assessment
e lesions. (10,015 ed with precision, accuracyon ce is ion methods  with
multicla images VGG16, fl-score, HAM10000 successf accuracy, are not additional
ss skin across 7 VGG19, specificity and 97.1% ully robust thoroughl datasets,
cancer classes) DenseN , AUC. on ISIC- address against y exploration
classific and ISIC- etl21, 2019, ed by class explored, of real-time
ation 2019. DenseN outperform the imbalanc and any application
approac et201, ing other suggest e, overfittin  in clinical
h based and models. ed applicabl g settings,
on deep Mobile DCNN e to problems and integra
convolu NetV2. model, diverse are not tion with
tional which datasets. addresse  other
neural also d. diagnostic
networ improv tools.
k es skin
(2023). cancer
detectio
n
classific
ation
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accurac
y.
A GAN- The skin The dataset The Accuracy, 98.23% B Improves Classificat Explore
Based lesions with two- Sensitivit  accuracy, successf classificat ion image
Data into 10,015 stage y, 88.85% ully ion for performa inpainting
Augme seven dermoscopi  GAN Precision, sensitivity, address imbalanc nce may techniques
ntation  categorie ¢ images approa Fl-score, 90.23% ing the ed be to remove
Method s, across ch Specificity precision, mode datasets,  impacted natural
for including seven skin (STGAN , Fréchet 89.48% F1- collapse generates if artifacts
Imbalan melanom disease Jusesa Inception score, and issue in high- generated from
ced a, classes, ResNet  Distance 98.34% GANs quality images generated
Multi- keratosis, is heavily 50 for (FID), specificity for and contain images and
Class nevus, imbalanced classific Inception  were minorit  diverse artifacts further
Skin etc. (e.g., ation Score. attained. y images, from the enhance
Lesion the largest  after Produced classes, boosts original the
Classific class has class- pictures STGAN  CNN dataset, classificatio
ation 6705 specific with a enhanc classifier such as n
(2024). images, generat 15.63% es performa hair and performanc
and the sm ion and increase in classific nce, and veins. e.
allest class an Inception ation maintains
has 115 wuncond Score and a  perfor high
images). itional 15.71% mance precision
GAN for increase in and and recall
univers FID  over image for
al baseline. generat  minority
knowle ion classes.
dge. quality.
Pitfalls HMC OpenML HAC, Accuracy, RBD and Informe Analyzing The Investigate
of and UCI RBD, Error CBD d hierarchy power of furtherinto
assessin public CBD Propagati  hierarchies hierarc  extractio  classifiers optimizing
g datasets on improved hies n clarifies may hierarchy
extracte (such as accuracy on capture its impact lessenthe extraction
d Collins, complex class on HMC influence methods
hierarc Abalone, datasets, relation performa of and
hies for MNIST, and with ships nce, hierarchy  balancing
multi- Covertype) random well, separatin  quality, classifier
class hierarchies yet g making it complexity
classific sometimes  random hierarchy more with
ation outperform hierarc  quality difficult hierarchy
(2023). ing single hiescan from to assess quality.
classifiers. outperf HMC the
orm benefits. hierarchy
non- 's actual
hierarc worth.
hical
method
s.
Multi- To image Evaluated WF-Net Accuracy =~ WF-Net WF-Net Provides  ViT Extend
Class datasets on MNIST uses a on achieved ensures explainab models unlearning
Unlearn  where (60k/10k, Weight retained near-zero explain ility, showed to large
ing for multiple 10 classes), - and accuracy on ability reduces slightly datasets,
Image classes CIFAR-10 Filterin  forgotten  forgotten while costs by lower optimize
Classific can  be (60k, 10 glayer  sets, Zero classes, enablin  unlearnin retention for
ation unlearne  classes), to Retrain high g gmultiple accuracy, Transforme
via d and unlearn Forgettin  accuracy on effectiv  classesat  with rs, and
Weight  selectivel ImageNet specific g (ZRF) retained emulti- once,and larger explore
Filterin y (e.g, subset(5k, classes score, ones, class works datasets privacy-
g image 1k classes). inone Relearn strong ZRF  unlearn with ViTs like focused
(2023).  classes round, Time scores,and  ingin and CNNs ImageNet application
like workin  (RT), faster one while exhibiting s.
airplanes, g with Insertion  relearn round retaining  greater
cats, both score, times; ViT and is relevant performa
and dogs) CNNs and Deleti  models generali nce gaps
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and on score. performed  zableto classes. than

Vision slightly other MNIST or

Transfo worse. dataset CIFAR-10.

rmers s and

(ViTs). systems
Deep The skin The The Accuracy, The model With High Only the Training on
Learnin lesions HAM10000 DCNN precision, achieved thoroug accuracy, HAM100  additional
g-Based into dataset model recall, F1- 97.2% h pre- low cost, 00 datasets to
Skin seven includes employ  score, accuracy, process improved dataset improve
Lesion classes, 10,015 ed ROC-AUC. 0.9969 ing and handling was used generalizati
Multi- including images of global ROC-AUC, global of to train on,
Class melanom  seven skin average and 0.97 pooling, imbalanc the optimizing
Classific a, basal lesion pooling for the ed model; hyperpara
ation cell types, with , black precision, DCNN datasets more meters, and
with carcinom 6,705 inthe hat recall, and model via training applying
Global a, largest filterin F1-score, was augmenta on a attention
Average squamou class (nv) g, outperform able to tion, and variety of mechanism
Pooling s cell and 115 in histogr ing VGG16, attain a reduced datasets s to
Improv  carcinom the am MobileNetV  higher overfittin  is enhance
ement a, benign smallest equaliz 2, classific g  with necessary the
(2023).  keratosis, (pdf), ation, ResNet50, ation global Black classificatio

and making it and and accurac  average hair and n of more
others. imbalanced data DenseNetl y  for pooling. other complex

augme 21. skin natural datasets.

ntation, lesions. artifacts

compar may still

ed to lead to

VGG16 certain

and incorrect

others. diagnoses
Deep The The dataset Utilized Precision, Achieved Using GAN- A Expand the
Learnin  cervical contains GANs Recall, F1-  99.1% GANs assisted concentra dataset,
g cell types 963 liquid- for data Score, and testing for automate tion on include
Approa  from Pap based augme  Accuracy. accuracy syntheti d data just four more
ch for smear cytology ntation using GAN ¢ data augmenta cervical diverse
Automa  images (LBC) and for data generat tion cell medical
ted into four images Efficien augmentati  ion improved classificat imaging
Data categorie  divided tNet on and enhanc classificat ions, a types, and
Augme s: NILM, into four archite EfficientNet ed ion by small apply the
ntation  HSIL, classes: cture for classific increasin  dataset approach
and LSIL, and NILM (613 for classificatio ation g dataset size, and to different
Multi- SCC. images), classific n, with accurac variety. the medical
class LSIL (163), ation. precision of y over possibilit  image
Classific HSIL (113), 99.2% and traditio y of classificatio
ation of and ScC recall of nal data overfittin  n tasks.
Pap (74). 99.4%. augmen g even
Smear tation with GAN
Images method augmenta
(2023). S. tion.
Ensemb The The dataset Ensem  Precision, The WAV Ensemb Enhanced The Explore
le masses contains ble Sensitivit  (top 7 le classificat emphasis ensemble
Learnin are into 101,242 B- learnin y (Recall), classifiers) learnin  ion was on learning for
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g of four mode g using Specificity achieved g accuracy  grayscale other types
Multipl  classes: ultrasound 16 , F1 score, 78.3% greatly  using B-mode of liver
e BLT, LCY, images of differen and accuracy, improv  ensemble images, masses and
Models MLC, and (FLLs) t CNNs Accuracy. surpassing es CNN learning which investigate
Using PLC. from (includi ROC-AUC  ResNeXt1l0  perfor methods.  might not application
Deep 30,873 ng values 1's 71.9%, mance Outperfor include S of
Learnin cases, Efficien were and had the for med all the ensemble
g for collected tNet, calculated highest hepatic  individua informati learning
Multicla between ResNeX for some sensitivity, mass 1 CNN on with real-
ss 2018-2021 t, ensemble  specificity, classific models. needed time
Classific across 11 Xceptio technique and F1 ation Extensive for ultrasound
ation of medical n, etc). s like SV, score. with multicent  contrast-  diagnostics.
Ultraso centers in Techni WAV, and ultraso er dataset enhanced
und Japan, with ques ST. und ensuring  images or
Images 26,440 include images, generaliz  other
of images SV, with ability. imaging
Hepatic used for WAV, WAV as modalitie
Masses training WHYV, the top S.
(2023). and testing and perfor
in four stackin mer
categories. g (ST) among
as seven
ensemb classifie
le IS.
method
S.
Multicla Min-Max  Fashion- DNN, Accuracy, The A The Computat  Future
ss ECOC MNIST is Min- confusion  suggested promisi  method ional studies
classific method. one of four Max matrix approach ng theoretic  complexit might look
ation by genuine ECOC metrics, fared better strategy ally y into
Min- datasets matrix. and two than the for optimizes increases  modifying
Max used for new current enhanci the with the  Min-
ECOC testing. indicators approaches ng design of larger Max ECOC
with were defi  in terms of ensemb ECOC ECOC approach
Hammi ned in the error le matrices matrices; for use in
ng study. reduction learnin  and optimal real-time
distanc and g in demonstr values application
e classificatio multicla ates are s and other
optimiz naccuracy. ss superior challengi  machine
ation classific performa ng to learning
(2023). ation nce on calculate  framework
tasks is complex for large s.
the datasets. datasets.
Min-
Max
ECOC
method.

D. Discussion and Comparison

The results of this study revealed notable differences in how various
techniques handle multiclass classification with imbalanced data. Resampling
techniques, particularly SMOTE, were effective in improving minority class
performance but suffered from limitations such as overfitting and loss of valuable
majority class data in under-sampling methods.

For jobs where the minority class is crucial, such as medical diagnosis, cost-
sensitive learning has proven to be very advantageous. Although it occasionally
decreased the overall accuracy of the model, it significantly increased the recall for
the minority classes.
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Overall, ensemble approaches such as AdaBoost and Random Forest
performed well, with AdaBoost being particularly good at increasing minority class
recognition, and Random Forest providing the most balanced performance. The
capacity of these techniques to concentrate on examples that are challenging to
categorize allowed them to routinely outperform conventional classifiers.

The best overall performance was obtained by the deep learning models,
specifically CNNs with weighted cross-entropy loss and GAN-based synthetic data
creation. These models were perfect for large, complicated datasets because they
balanced high accuracy and F1 scores for both majority and minority classes. In
contrast to other methods, they require more careful tweaking and have high
computational demands.

Comparatively, although simpler techniques such as SMOTE and cost-sensitive
learning are effective for smaller datasets or where computational resources are
limited, ensemble and deep learning methods are better suited for large-scale,
high-dimensional problems, providing superior generalization and handling of
imbalanced data.

E. Conclusion

This review discusses the issue of handling classification in imbalanced
datasets, in crucial fields like medical diagnosis and fraud detection where
minority classes are significant factors to consider. To enhance classification
accuracy for imbalanced data sets various approaches including resampling
techniques, ensemble models, and cost-sensitive learning have been investigated.
While methods like SMOTE are successful in tackling class imbalances, some
challenges, like overfitting, may arise as a result. Ensemble techniques, like
Random Forest and AdaBoost, consistently enhance classification accuracy by
combining classifiers; however, they may need adjustments for performance. Cost-
sensitive learning offers a solution by giving priority to minority classes through
varying misclassification costs.

Cutting-edge techniques, like combining methods and advanced deep
learning models, hold the potential for handling complex and extensive datasets
effectively. Nevertheless, these strategies demand fine-tuning. Pose computational
challenges. Moreover, using evaluation metrics such as the F1 score and Recall,
alongside accuracy measures ensures a more accurate reflection of model
performance when dealing with imbalanced data.

Ultimately, no one method can offer a solution for all cases. The strategy is
reliant on the specific dataset and context of the application. Future research
should focus on enhancing these techniques to develop more versatile,
efficient,and widely applicable models for handling imbalanced multiclass
classification tasks.
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