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A B S T R A C T

Classification is one of the most important tasks in machine learning and data mining. Most of the classifiers are 
designed for data sets with equally distributed samples among the classes. Therefore, they encounter a problem 
with classifying imbalanced data in which one or more classes have much fewer samples than the others. 
Imbalanced data sets are prevalent in the real-world, so addressing this issue is of utmost importance. There have 
been many methods suggested to solve this problem showing promising results, a category of which is data-level 
methods being popular for their flexibility. In this paper, our goal is to review data-level methods comprehen
sively and categorize them from different perspectives. Also, to simplify doing future research in this field, most 
of the available benchmark imbalanced data sets, software, and toolboxes are introduced. Finally, existing 
challenges and future works are elaborated.

1. Introduction

In real-world data sets, many diverse distributions of samples among 
different classes can be observed. In some cases, rare events result in a 
small number of samples in data set. For example, when the goal is to 
detect cancer, their number is very small compared to other cases. 
Another example can be fraud detection in credit transactions in which 
fraud cases are very less than normal ones. In the field of machine 
learning and data mining, such data sets are called imbalanced. In other 
words, imbalanced data sets are those in which data samples are un
equally distributed among classes, and one or some classes have much 
fewer samples than the others. In binary cases, i.e., where there are two 
classes, the smallest class is called minority or positive class, while the 
largest one is the majority or negative class.

To measure the imbalance degree of data sets, there is a metric called 
Imbalance Ratio (IR) (Orriols-Puig & Bernadó-Mansilla, 2009) that is 
calculated by dividing the number of samples in the majority class, Nmaj, 
to the number of minority class samples, Nmin, as: 

IR =
Nmaj

Nmin
(1) 

Usually, classification of minority class samples is a challenging task. 
That is while misclassifying them leads to significant risk because of 
their importance. On the other hand, in classifying imbalanced data, 
classical classifiers encounter a problem as they internally consider an 
even distribution for data samples. That is why imbalanced data clas
sification has turned into an important field of research for years. Also, 
almost all of the data sets existing in the real-world environment are 
imbalanced; therefore, despite having been widely discussed in the last 
two decades, there are still many challenges that need to be addressed, 
and imbalanced data classification is still an open research field 
(Haixiang et al., 2017).

In recent years, many types of researches have been done to solve 
imbalanced data problems, and there exist several categorizations for 
them. A common one is to group them as Data level methods, Algo
rithmic level methods, and ensemble learning approaches. Data level 
methods aim is to preprocess the data so that the distribution of samples 
among classes is balanced at the end. In other words, such methods re- 
balance the distribution of classes using different ways of resampling the 
data space to reduce the inequality of the classes (Haixiang et al., 2017).

Another category includes algorithmic level approaches. In these 
methods, either new algorithms are developed, or the existing base 
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classifiers are modified to acquire the ability to deal with imbalanced 
data sets (Batista et al., 2004; Rahmati et al., 2020). One practical 
approach of this category is assigning distinct costs to the training 
samples, so a cost matrix defines the penalties of misclassifying the 
samples. Such methods are called cost-sensitive, and various studies 
have been done regarding cost-sensitive approaches in the imbalance 
domain (Fernández, García, Galar, et al., 2018a; Y. Sun et al., 2007; C. 
Zhang, Tan, et al., 2019). Most of the algorithmic level methodologies 
are designed based on Support Vector Machine (SVM) (Y. Tang et al., 
2009), Artificial Neural Networks (ANN) (Buda et al., 2018), Decision 
trees (Hoens et al., 2012), and k Nearest Neighbor (k-NN) Algorithm 
(Nikpour et al., 2017; Saryazdi et al., 2018). In some cases, Algorithmic 
level approaches take advantage of preprocessing techniques as well.

Ensemble learning is another group of techniques that emerged to 
improve classification performance by combining several different 
classifiers’ decisions. These methods are widely used in the machine 
learning field and in different domains. Imbalanced learning is one of 
the fields ensemble methods have entered. As these methods are 
accuracy-oriented, they are combined with algorithmic and data-level 
methods to reach more promising results. Ensemble techniques are 
usually more computationally complex than the previously mentioned 
methods (Galar et al., 2012).

Methods of each category mentioned above have different positive 
and negative points, so based on the application at hand, an appropriate 
method should be selected (López et al., 2013). For example, algo
rithmic level methods are based on a specific classifier. While pre
processing techniques can be used for any data set, the resultant data can 
be fed to any classifier.

Another perspective to look at imbalanced learning can be a label 
perspective, i.e., whether the algorithms are supervised, semi- 
supervised, or unsupervised. In supervised learning, all training sam
ples are labeled, while in unsupervised learning, there is no information 
about the samples’ label. When unlabeled data cannot be discriminative 
and obtaining labels for all train samples is either inefficient or impos
sible, only a few samples will be labeled. Learning from such a data set is 
called semi-supervised learning. The skewed distribution causes a 
problem in classification (supervised learning) and clustering (unsu
pervised), and semi-supervised learning. Despite the importance, few 
works have been done for unsupervised and semi-supervised imbal
anced learning, including (Krawczyk, 2016).

Several papers and books have been published to review imbalanced 
learning algorithms, most of which focus on reviewing methods of all 
categories (Abd Elrahman & Abraham, 2013; Ali et al., 2015; Bekkar & 
Alitouche, 2013; Branco et al., 2016; Chawla, 2009; Fernández et al., 
2011; Fernández, García, Galar, et al., 2018b; Fernández, García, Her
rera, et al., 2018; Haixiang et al., 2017; Krawczyk, 2016; Longadge & 
Dongre, 2013; López et al., 2013; Menardi & Torelli, 2014; Ramyachitra 
& Manikandan, 2014; Y. Sun et al., 2009; Visa & Ralescu, 2005). As a 
result, they do not deeply go through the methods of a single group. 
Also, there is a review paper that aims to study ensemble learning ap
proaches (Galar et al., 2012). There is no paper concentrating on 
reviewing data-level methods to the best of our knowledge, although 
they are very flexible and widely used. Moreover, as mentioned before, 
one main advantage of such approaches is that any classifier can be used 
after preprocessing the data. Therefore, this paper’s primary goal is to 
review this category’s methods in more detail and provide a compre
hensive taxonomy for them. In the meantime, some important issues in 
the imbalance learning domain are discussed as well. In summary, our 
goals are as follows: 

• Discuss the practical applications of imbalanced data across domains 
like healthcare, finance, cybersecurity, and energy, categorizing 
them into thematic areas to emphasize the wide-ranging impact of 
imbalanced data challenges.

• Present a comprehensive taxonomy of data-level methods from 
multiple perspectives, offering a unique structured framework for 

understanding and comparing approaches, including the balancing 
perspective, interaction with learning algorithm perspective, class 
perspective, inclusiveness perspective, resampling in ensembles 
perspective, and methods for deep learning.

• Provide a comprehensive review of the latest data-level methods, 
highlighting recent advancements and innovations.

• Provide a comprehensive list of publicly available datasets, software 
tools, and benchmarks, facilitating the replication of experiments 
and the exploration of future methods.

• Present a detailed analysis of evaluation metrics for imbalanced data, 
highlighting traditional and domain-specific measures to guide 
robust and fair performance assessment.

• Identify critical challenges in imbalanced data classification, such as 
deep learning-specific issues, and provide future research directions, 
offering a comprehensive framework to guide advancements in the 
field.

The paper is organized as follows: In section 2, the real-world ap
plications in which data sets are imbalanced, are reviewed to reveal the 
importance of researching this field. Section 3 suggests a comprehensive 
taxonomy for data-level methods and categorizes them from different 
perspectives. In section 4, most of the state-of-the-art and recently 
proposed data level approaches are reviewed. The benchmarks and 
popular publicly available imbalanced datasets and available software 
and toolboxes designed for imbalanced learning are introduced in sec
tion 5. In section 6, the evaluation metrics are presented. In Section 7, 
we will discuss all existing challenges in this field and suggest future 
trends. Finally, a conclusion is drawn in section 8.

2. Imbalanced data classification applications

In recent decades, imbalanced data has become one of the most 
challenging aspects of data mining (Haixiang et al., 2017; Kaur et al., 
2019). This issue has garnered significant attention from both academics 
and industry professionals due to its prevalence across various appli
cation domains (Abokadr et al., 2023; King & Zeng, 2001; Newaz & Haq, 
2022; Pan et al., 2024). According to the literature, rare events occur less 
frequently than normal ones, yet they can have a profound impact on 
society (Ali et al., 2015; Ramyachitra & Manikandan, 2014).

Data analysis to predict future events based on past occurrences has 
gained substantial interest, playing a crucial role in automation and 
decision-making processes. Predicting rare events falls within this realm 
(Bhatta & Dang, 2023; K. He et al., 2024). These events can manifest in 
numerous forms, such as geohazards (e.g., tsunamis, volcanic eruptions, 
earthquakes, and solar flares) (Al Banna et al., 2020; Hoque et al., 2020; 
X. Wang et al., 2020), human hazards (e.g., fraud detection, fault 
monitoring, and accident prevention) (Ali et al., 2022; Pourroostaei 
Ardakani et al., 2023), and medical conditions (e.g., disease diagnosis) 
(Ahsan et al., 2022).

We have categorized imbalanced data applications into eight cate
gories based on their thematic areas. These categories are designed to 
reflect the common areas in the literature, acknowledging that imbal
anced data problems can occur in many other domains. Our categories 
are as follows: 

Biomedical & Medical: This category includes applications in 
medical diagnosis, disease prediction, and healthcare management. 
For instance, biomedical engineering leverages engineering princi
ples for medical applications, such as disease detection and drug 
resistance prediction (Ahsan et al., 2022; Grabec et al., 2019; W. Han 
et al., 2019; J. Lin et al., 2005; C. Sun et al., 2018).
Security Management: This encompasses protecting organizational 
assets, risk detection, and emergency management. Key tasks include 
risk analysis and emergency response planning (Hegde & Rokseth, 
2020; Linardos et al., 2022).
Financial Management
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Applications here include fraud detection in financial transactions 
and credit scoring (Abd El-Naby et al., 2023; Z. Huang et al., 2024; J. 
Sun et al., 2020; Throckmorton et al., 2015; J. Yao et al., 2018).
Electrical Engineering: This involves applications like fault detec
tion in power systems and predictive maintenance (Ibrahim et al., 
2020; Ouadah et al., 2022; Theissler et al., 2021; Y. Zhang et al., 
2022).
Information Technology: This category includes cybersecurity and 
network intrusion detection systems (Farsi et al., 2018; Kocher & 
Kumar, 2021; Sarker et al., 2020; Shah, 2021).
Industry: Applications in industrial settings such as quality control 
and predictive maintenance (Achouch et al., 2022; Dalzochio et al., 
2020; Gu et al., 2023; Niu et al., 2021).
Energy Management: This covers the management and prediction 
of energy consumption and renewable energy integration (Lai et al., 
2020; Olu-Ajayi et al., 2022; Pham et al., 2020; Z. Yao et al., 2023).
Social Services: Applications here involve the analysis of social is
sues, such as public health surveillance and emergency response 
(Devaraj et al., 2020; Gupta & Katarya, 2020; A. A. Khan et al., 2023; 
Malekloo et al., 2022).

Given the primary purpose of this study is not to exhaustively detail 
every application of imbalanced data classification, we have focused on 
elaborating two widely studied categories: Biomedical & Medical and 
Security Management. 

• Biomedical & Medical: Biomedical engineering (BME), also known 
as medical engineering, is a field of engineering tended to fill the gap 
between engineering and medicine. To do so, BME takes advantage 
of engineering principles and design concepts for medicine and 
biology using advanced health care like medical diagnosis (Nayak 
et al., 2019) and therapy (Staňková et al., 2019). This process in
cludes designing a decision system for detecting and predicting 
abnormal structure for disease diagnosis (Grabec et al., 2019; W. Han 
et al., 2019), early warning systems for disease outbreaks (Farooq 
et al., 2022; Halpern, 2018), and drug resistance (Aljeldah, 2022; 
Nikolaou et al., 2018).

• Security Management: Security management is the procedure of 
protecting an organization’s assets, including people, buildings, 
machines, and systems. Organizations use security management 
procedures to implement adequate controls on their systems. Po
tential risk detection, risk analysis (Azaria et al., 2014; Jomthanachai 
et al., 2021), and intellectual property protection are the most crit
ical security departments’ tasks. Emergency management is another 
topic, which stays in the security management category. The emer
gency is defined as the situation in which routine procedures are 
interrupted, and immediate measure is needed to avoid the situation 
from turning into a disaster that is even harder to recover from 
(Anderson & Adey, 2012). Emergency management is defined as 
managing resources for dealing with all humanitarian aspects of 
emergencies to reduce the harmful effects of all hazards (D. Huang 
et al., 2021; S. Kim et al., 2016; Maalouf & Siddiqi, 2014; R. Zhu 
et al., 2021).

It should be noted that this categorization aims to represent the most 
common applications found in the literature, recognizing that imbal
anced data challenges are prevalent across numerous other domains not 
explicitly listed here.

3. Taxonomy of data level methods

A very common categorization for data-level methods in an imbal
anced domain is to divide them from a Balancing perspective. As a 
result, we have Over-sampling, Under-sampling, and Hybrid methods. 
However, data-level methods can be classified from several other per
spectives, including Interaction with the learning algorithm perspective, 

Inclusiveness perspective, Class perspective, Resampling in ensembles 
perspective, and Methods for Deep Learning. Each perspective and its 
associated categories are explained in the following. Also, the taxonomy 
is summarised and illustrated in Fig. 1.

3.1. Balancing perspective

As was mentioned before, data-level methods’ main goal is to re- 
sample the data sets to become balanced at the end (Haixiang et al., 
2017). There exist three main categories in this group, including Over- 
sampling, Under-sampling, and Hybrid methods, which are described 
in more detail as follows: 

• Over-sampling

To make the classes’ distribution equal, over-sampling techniques 
increase the number of minority class samples by duplicating the 
existing ones or generating new synthetic samples. The disadvantage of 
these methods is that they produce samples that are not real and may 
give the wrong perception of the data (Chawla et al., 2002). Also, the 
classifier’s performance may be very good for training data and bad for 
test data after adding artificial samples, either synthetic or repeated, a 
problem known as overfitting (Mirzaei et al., 2021; Nikpour & 
Nezamabadi-pour, 2019). This problem can happen if the synthetic 
samples generated by an over-sampling algorithm are too similar to each 
other or to the existing minority class samples, thus failing to introduce 
sufficient variability into the training set. This lack of variability can 
lead the classifier to memorize the training data and perform poorly on 
the test data, especially in the presence of complex, and high- 
dimensional data (Branco et al., 2016; H. He & Garcia, 2009). More
over, increasing the number of samples increases the complexity and the 
classifier’s training time. Based on the previously done experiments, 
over-sampling techniques are more proper for data sets with a high 
imbalance ratio (Barandela et al., 2004; H. Yu et al., 2013). 

• Under-sampling

Under-sampling techniques try to balance the data sets by elimi
nating several majority samples (Haixiang et al., 2017). This removal 
can be done randomly or based on different smart rules. The main 
drawback of methods in this category, which involve the removal of 
samples, is that by discarding data, potentially valuable information can 
be lost. This loss of information can negatively affect the classifier’s 
ability to generalize from the training data, potentially leading to a 
problem called underfitting. In other words, when under-sampling is 
used to balance class distributions, it can indeed lead to a loss of 
important information if significant representatives of the classes are 
removed. This reduction in data can cause the model to be less complex 
and potentially not complex enough to capture the essential variations 
in the data, which can lead to underfitting. This problem is typically 
characterized by poor performance on both the training and test sets due 
to the model’s inability to capture the data’s underlying structure 
(Mirzaei et al., 2021; Nikpour & Nezamabadi-pour, 2019). As a result, it 
is essential to remove samples with the lowest information in the data 
set.

On the other hand, removing samples may reduce the training set’s 
complexity, which can also lead to overfitting, especially if the reduced 
dataset is not representative of the overall data distribution. In such 
cases, the classifier might perform well on the training data but fail to 
generalize to unseen data, indicating overfitting (H. He & Garcia, 2009; 
Ying, 2019). Thus, while sample removal aims to address issues related 
to class imbalance, it must be carefully balanced to avoid the risks of 
both underfitting and overfitting. However, under-sampling techniques 
decrease the complexity and run time of classification algorithms, which 
is their advantage. Also, they may remove outliers and noise samples so 
that the performance of classifiers improves. The literature claims that 
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under-sampling methods are well suited to data sets with a low imbal
ance ratio (Barandela et al., 2004; H. Yu et al., 2013).

Instance selection methods are considered a special case of under- 
sampling methods in the classification of imbalanced datasets, as they 
focus on reducing dataset size by removing redundant or noisy samples. 
These methods aim to select a representative subset of the current 
dataset while still fulfilling the application’s original goals. The advan
tages of instance selection are twofold: firstly, due to the increasing 
amount of data generated in different fields, many large data sets exist, 
which leads their process to be so computationally complex; hence 
instance selection can be an excellent solution to reduce this complexity 
(Hart, 1968). Secondly, many data samples may confuse the classifier 
and deteriorate its performance; therefore, removing redundant samples 
can help to stop this occurrence and increase the interpretability and 
precision (Garćia-Pedrajas, 2011). Although such methods are not 
explicitly designed for imbalanced data sets, they can still be useful in 

this field since redundant and noisy samples may exist in both minority 
and majority classes. Unlike traditional under-sampling methods, which 
primarily aim to reduce the size of the majority class, instance selection 
strategically evaluates and removes redundant or noisy samples from all 
classes. This targeted approach helps preserve the representativeness of 
the dataset while enhancing its quality. Although instance selection does 
not pay attention to the imbalance ratio, there is a high probability that 
this value decreases by removing redundant samples (de Haro-Garcia & 
Garcia-Pedrajas, 2011). 

• Hybrid

Sometimes, a combination of over-sampling and under-sampling 
methods may lead to better performance than applying them sepa
rately. For example, over-sampling can be applied first, and then the 
data set is under-sampled to reduce overfitting. There are many hybrid 

Fig. 1. Taxonomy of the data level methods.
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methods proposed in the imbalanced domain, having shown promising 
results (Ramentol et al., 2012).

3.2. Interaction with the learning algorithm perspective

Data level approaches can also be categorized based on the method’s 
interaction with the learning algorithm as filter and wrapper. 

• Filter

There is no interaction with the learning algorithm in filter methods, 
i.e., there are some defined rules based on which samples are selected, 
ranked, or generated independently of the classifier. At last, the new set 
is used for training the classifier. Such methods are usually fast and 
efficient, so they are suitable for large scale and big imbalance data sets 
(H. Yu et al., 2013). 

• Wrapper

In wrapper techniques, the algorithm selects or generates samples 
and interacts with the learning algorithm to evaluate the selected subset. 
It tries to make the performance better by changing the data set and 
receiving feedback repeatedly until the desired performance is achieved. 
This procedure is time-consuming, but the performance is better than 
the filter methods most of the time unless overfitting happens. To avoid 
overfitting, the train data can be partitioned to train and validation sets; 
then classifier is trained using train data and tested and fine-tuned on the 
validation set (H. Yu et al., 2013).

This perspective helps researchers decide whether to prioritize 
computational efficiency, as with filter methods, or to achieve higher 
performance through interactive optimization, as with wrapper 
methods.

3.3. Inclusiveness perspective

Based on whether the algorithm is designed to be performed on the 
whole data set or a section of the data, data-level methods can be 
categorized as follow: 

• All-inclusive

By all-inclusive, we mean that the data level method considers the 
whole data samples for the preprocessing, and the locality of each 
sample is ignored. Most of the primary methods fall under this category. 

• Partly-inclusive

Methods of this category first partition the data into several sections 
with similar characteristics and consider each section separately. The 
main idea is that various clusters exist in datasets, with each cluster 
having distinct characteristics. Cluster-based sampling algorithms fall 
under this category, which has received special attention from the 
community in recent years. First, these methods use a clustering algo
rithm to partition the data set and then perform under-sampling and 
over-sampling methods. Clustering can help represent the sampling data 
space better, and as a result, the local information can be seen, which 
helps increase the performance (Yen & Lee, 2009).

The inclusiveness perspective is particularly useful for understanding 
how methods differ in terms of scope. For example, all-inclusive 
methods may be suitable for datasets where the class distribution is 
uniformly imbalanced across the feature space. In contrast, partly- 
inclusive methods excel when the imbalance is localized within 
certain clusters or regions of the dataset.

3.4. Class perspective

From a class perspective, data-level methods are categorized into two 
classes of binary class and multi-class, which are explained below: 

• Methods for Binary-class data

Most of the data level methods in the imbalanced domain are 
designed for binary data sets, i.e., the data sets with only two classes, but 
some claim that their method can be extended to multi-class data sets. 
Generally, binary classification algorithms can be used in multi-class 
data sets using two approaches: “one vs. one” and “one vs. all”. In the 
“one vs. one” approach, each class is considered versus one of the other 
classes each time, and the results are aggregated at the end using a 
voting approach. On the other hand, in the “one vs. all” approach, each 
class is considered versus all other classes as a unique class (Abdi & 
Hashemi, 2016). 

• Methods for Multi-class data

Although methods designed for binary class data sets can be 
extended to multi-class data sets, their performance may deteriorate. 
Therefore, a more profound vision of imbalanced learning is needed, and 
many issues should be considered to propose methods specified for 
multi-class data sets. For example, the metrics used for binary data sets 
cannot be applied to multi-class ones directly. A group of data-level 
methods focuses on addressing these issues (Abdi & Hashemi, 2016).

To find the best subset of training samples or define the best hyper- 
parameters of data level algorithms or classifiers, a search method 
should be employed to lead the procedure to explore the search space. 
Metaheuristic algorithms can be used for this purpose. They are swarm 
intelligence and evolutionary algorithms (EAs) that have been designed 
to find near optimum solutions for an optimization problem (Triguero 
et al., 2015). These methods do not promise to find global optimum, but 
their obtained solutions are good enough most of the time. In machine 
learning, metaheuristic algorithms have been used to solve feature se
lection, data reduction, and imbalanced data classification. In the 
imbalanced domain, some approaches have been proposed in data level 
methods that take advantage of metaheuristic and evolutionary algo
rithms (S. García & Herrera, 2009). As such search methods are not 
dependent on the number of classes, they can be used for both binary or 
multi-class imbalanced data sets.

One of the key challenges in multi-class datasets is the presence of 
long-tail distributions, where certain classes, referred to as “tail classes,” 
contain significantly fewer samples than others, known as “head clas
ses”. This imbalance can lead to biased models that perform well on the 
head classes but fail to generalize on the tail classes. Traditional methods 
may not sufficiently address these issues in the multi-class scenarios, 
necessitating specialized techniques. Data-level methods, such as over- 
sampling “tail classes” or under-sampling “head classes”, can effec
tively mitigate this problem (Abdi & Hashemi, 2016; Yoon & Kwek, 
2005; S. Yu et al., 2022).

3.5. Resampling in ensembles perspective

Data level methods can be easily embedded in ensemble learning 
algorithms. Based on the ensemble learning algorithm used, there are 
three families for this group, including boosting-based ensembles, 
bagging-based ensembles, and hybrid ensembles, which are explained as 
follows (Galar et al., 2012): 

• Boosting-based ensembles

Methods of this family embed data-level methods into boosting al
gorithms. In the boosting approach (Schapire, 1990), the whole data set 
is used to train each classifier serially. However, after each round, more 
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focus is given to difficult instances to correctly classify in the subsequent 
iteration for those classified erroneously during the current iteration. 
Boosting-based ensemble methods for imbalanced data change and bias 
the weight distribution utilized to train the next classifier toward the 
minority class in each iteration (Galar et al., 2012). 

• Bagging-based ensembles

Methods of this family embed data-level methods into bagging al
gorithms. The bagging approach (Breiman, 1996) includes training 
different classifiers with bootstrapped replicas of the original training 
dataset. Therefore, resampling the different data subsets leads to di
versity. The combination of data-level methods and bagging algorithms 
is usually more straightforward compared to their combination in 
boosting. The main factor in bagging-based ensemble methods is col
lecting each bootstrap replica, i.e., how class imbalance is dealt with to 
achieve a useful classifier in each iteration by considering the impor
tance of the diversity (Galar et al., 2012). 

• Hybrid ensembles

These methods conduct a double ensemble learning by combining 
both bagging and boosting with a data level method (Galar et al., 2012).

3.6. Methods for deep learning

Deep learning is a field in machine learning where artificial neural 
networks are used for representation learning. Recently, deep learning 
has gained much popularity due to its effective performance when 
trained with a large number of data and the progress in processors, and 
having access to large databases. Imbalanced data causes noticeable 
problems for such algorithms as it is shown that in such cases, the length 
of the gradient component corresponding to the majority class is much 
larger than the length of this component for minority class (Johnson & 
Khoshgoftaar, 2019). Therefore, the minority class gradient is domi
nated by the majority class gradient, which leads the weights to update 
toward decreasing majority class error. This usually causes the minority 
class error to increase, resulting in very slow convergence (Johnson & 
Khoshgoftaar, 2019). Although imbalanced data is a prevalent issue in 
the deep learning field, very few works have been done in this area. Most 
of them evaluate the effectiveness of existing imbalanced learning 
methods.

Some survey papers, such as (Johnson & Khoshgoftaar, 2019) and 
(Kaur et al., 2019), review the existing methods for solving imbalance 
problems in the deep learning field and present some experiments. The 
works focus on preprocessing imbalance data for deep learning methods 
that are very few despite its importance and can be a research field for 
interested scientists.

One of the key challenges in deep learning with imbalanced datasets 
is that models tend to become biased toward the majority class, which 
dominates the training process. Traditional approaches to tackle 
imbalance in deep learning, such as resampling methods (over-sampling 
or under-sampling), have shown mixed results. However, recent ad
vancements in data augmentation methods have provided more so
phisticated techniques for generating diverse training data, especially in 
the context of imbalanced learning.

Data augmentation, which involves creating new synthetic training 
samples by transforming or combining existing data, has emerged as an 
effective approach for balancing the distribution of classes without 
needing to collect additional data. This is particularly useful for deep 
learning models, where large amounts of diverse data are often neces
sary for optimal performance. Data augmentation has gained significant 
attention recently as it improves generalization and reduces overfitting 
in deep learning models trained on imbalanced datasets.

One widely adopted data augmentation method is Mixup (H. Zhang, 
2017), which generates synthetic samples by linearly interpolating 

between pairs of training samples and their corresponding labels. This 
method has been particularly effective in imbalanced learning because it 
helps the model generalize better to minority classes by creating syn
thetic samples that are diverse and challenging for the model to learn. 
Additionally, GAN-based approaches (Generative Adversarial Net
works) have been applied to generate synthetic minority class samples. 
GANs learn to model the distribution of the minority class and can create 
realistic, high-quality data points that supplement the original dataset 
and provide an alternative to pure data augmentation methods (Ding 
et al., 2024; Douzas & Bacao, 2018; Mariani et al., 2018; Pan et al., 
2024). Although data augmentation methods have shown great promise, 
their success depends on the type of data and the specific augmentation 
technique applied.

4. Literature review

One of the earliest and easiest attempts to perform under-sampling 
and over-sampling is to do them randomly. In other words, samples 
are removed randomly called Random Under-Sampling (RUS) or repli
cated randomly called Random Over-sampling (ROS). Since random 
over-sampling generates new samples by duplicating existing ones, it 
will increase the probability of overfitting. Moreover, random under- 
sampling may eliminate useful and informative samples, which is not 
favorable. To deal with the mentioned problems, researchers have 
proposed more sophisticated methods in recent years.

This section reviews most of the well-known and best performing 
data-level methods from the Balancing perspective, which is prevalent 
in other papers. These methods are reviewed based on the order of years 
they are presented. Afterward, the reviewed methods will be categorized 
based on the previous section’s taxonomy in Table 1. 

• Over-sampling methods

Synthetic Minority Over-sampling Technique (SMOTE) (Chawla 
et al., 2002) is one of the most famous methods that generate new mi
nority samples to balance the classes’ distribution by interpolating 
several minority class samples gathered together in the same neigh
borhood. Indeed, SMOTE tends to bias the performance of the classifier 
and the learning towards the minority class. For this purpose, SMOTE 
identifies the k-nearest neighbors of each training sample. Next, 
depending on the required rate of over-sampling, this method randomly 
selects several neighbors from the neighborhood. Artificial samples are 
generated on the lines that connect the original sample and its neigh
bors. Although SMOTE performs well in most of the problems, it has 
several issues that need to be addressed. In the over-sampling problems, 
the probability of overgeneralization depends on the way the algorithm 
produces synthetic samples. Accordingly, as SMOTE does not consider 
any information for generating new samples, it may increase the prob
ability of overgeneralization. Also, the lack of using the information for 
producing new samples could increase the likelihood of between class 
overlapping. Moreover, SMOTE algorithm is only usable for binary class 
problems with continuous feature space (Batista et al., 2004). It needs 
enough minority class samples for accurately estimating the probability 
distribution of the actual data. The mentioned issues motivate re
searchers to propose improved versions of SMOTE.

Ref. (Chawla et al., 2003) presents SMOTEBoost, which creates the 
synthetic minority class samples using the SMOTE algorithm. The new 
weights must be assigned proportionally to the new dataset’s total 
number since the new samples are generated. The algorithm normalizes 
the samples’ weights from the original dataset to constitute a distribu
tion based on the new samples. Cluster-Based Over-sampling (CBO) is 
introduced to consider both inter-and intra-class imbalance problems 
using the k-means algorithm. Before over-sampling, CBO clusters both 
minority and majority samples. Then, random over-sampling is applied 
to all clusters belonging to the majority class, except for the largest one. 
In the end, each cluster of the majority class should have the same 
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TABLE 1 
Categorization of the reviewed methods.

Taxonomy perspective Category References

Balancing perspective Over- 
sampling

(Chawla et al., 2002), (H. Han et al., 
2005), (H. He et al., 2008), (
Bunkhumpornpat et al., 2009), (S. 
Hu et al., 2009), (Nguyen et al., 
2011), (Bunkhumpornpat et al., 
2012), (Douzas et al., 2018), (
MacIejewski & Stefanowski, 2011), (
Cao & Wang, 2011), (Barua et al., 
2014), (H. Zhang & Li, 2014), (López 
et al., 2014), (Abdi & Hashemi, 
2016), (Thanathamathee & 
Lursinsap, 2013), (Sáez et al., 2016), 
(Nekooeimehr & Lai-Yuen, 2016), 
(Charte, Rivera, Del Jesus, et al., 
2015), (Douzas & Bacao, 2018), (
Douzas & Bacao, 2017), (Mathew 
et al., 2018), (Ando & Huang, 2017), 
(Rivera, 2017), (S. Guo et al., 2019), 
(Piri et al., 2018), (X. Tao et al., 
2019), (C. L. Liu & Hsieh, 2020), (
Feng et al., 2019), (Z. Huang et al., 
2020), (J. Ma et al., 2019), (S. Tang 
& Chen, 2008), (Jo & Japkowicz, 
2004), (Barua et al., 2011), (
Soltanzadeh & Hashemzadeh, 2021), 
(S. Wang & Yao, 2009), (Chawla 
et al., 2003), (H. Guo & Viktor, 
2004), (Menardi & Torelli, 2014), (
Castellanos et al., 2018), (Hensman 
& Masko, 2015), (Harliman & 
Uchida, 2018), (Buda et al., 2018), (
Dablain et al., 2023), (Zhai et al., 
2022), (Wei et al., 2022), (Y. Liu 
et al., 2023), (Asniar et al., 2022), (L. 
Tao et al., 2024), (Lu et al., 2024), (
Mirzaei, 2024), (Pan et al., 2024), (
Ding et al., 2024), (Escobar Díaz 
Guerrero et al., 2024)

Under- 
sampling

(Kubat, 2000), (Laurikkala, 2001), (
Yen & Lee, 2009), (H. Yu et al., 
2013), (Ng et al., 2015), (Triguero 
et al., 2015), (D’Addabbo & 
Maglietta, 2015), (Kang et al., 2017), 
(W.-C. C. Lin et al., 2017), (Hart, 
1968), (S. García & Herrera, 2009), (
Tomek, 1976), (Mani & Zhang, 
2003), (Yoon & Kwek, 2005), (H. J. 
Kim et al., 2016), (Barella et al., 
2014), (Anand et al., 2010), (Seiffert 
et al., 2010),(Tahir et al., 2012), (
Sundarkumar & Ravi, 2015), (Galar 
et al., 2013), (Barandela et al., 2003) 
(Mirzaei et al., 2020), (X. Y. Liu 
et al., 2009), (Hoyos-Osorio et al., 
2021), (Dai et al., 2022), (H. Zhu 
et al., 2024), (Farshidvard et al., 
2023), (Z. Sun et al., 2024), (
Soltanzadeh et al., 2023), (Nikpour 
& Nezamabadi-pour, 2018), (Tsai 
et al., 2019), (Verbiest et al., 2014), (
Ramentol et al., 2016), (G. Y. Y. 
Wong et al., 2018), (Nikpour & 
Nezamabadi-pour, 2019), (G. Y. 
Wong et al., 2013), (Lee et al., 2016), 
(S. Yu et al., 2022)

Hybrid (Seiffert et al., 2009), (Batista et al., 
2004), (Stefanowski & Wilk, 2008), (
Jeatrakul et al., 2010), (Tong et al., 
2011), (Y. Liu et al., 2011), (
Ramentol et al., 2012), (Q. Wang, 
2014), (Verbiest et al., 2014), (Sáez 
et al., 2015), (Cateni et al., 2014), (
Agrawal et al., 2015), (Charte, 
Rivera, del Jesus, et al., 2015), (

TABLE 1 (continued )

Taxonomy perspective Category References

Sanguanmak & Hanskunatai, 2016), 
(Ramentol et al., 2016), (Mao et al., 
2017), (F. Hu et al., 2019), (Susan & 
Kumar, 2019), (Cohen et al., 2006), 
(S. Wang & Yao, 2009), (
Błaszczyński et al., 2010), (Mirzaei 
et al., 2021), (Vluymans et al., 2016), 
(G. Y. Y. Wong et al., 2018), (G. Y. 
Wong et al., 2013), (Mirzaei et al., 
2022), (Arafa et al., 2022), (Dixit & 
Mani, 2023), (Vairetti et al., 2024)

Interaction with the 
learning algorithm 
perspective

Filter (Kubat, 2000), (Laurikkala, 2001), (
Chawla et al., 2002), (H. Han et al., 
2005), (Seiffert et al., 2009), (Batista 
et al., 2004), (H. He et al., 2008), (
Bunkhumpornpat et al., 2009), (
Stefanowski & Wilk, 2008), (Yen & 
Lee, 2009), (S. Hu et al., 2009), (
Nguyen et al., 2011), (Y. Liu et al., 
2011), (Bunkhumpornpat et al., 
2012), (Douzas et al., 2018), (
Ramentol et al., 2012), (MacIejewski 
& Stefanowski, 2011), (Cao & Wang, 
2011), (Barua et al., 2014), (H. 
Zhang & Li, 2014), (Q. Wang, 2014), 
(Verbiest et al., 2014), (Sáez et al., 
2015), (Cateni et al., 2014), (
Agrawal et al., 2015), (Ng et al., 
2015), (Abdi & Hashemi, 2016), (
Jeatrakul et al., 2010), (Charte, 
Rivera, del Jesus, et al., 2015), (Sáez 
et al., 2016), (Kang et al., 2017), (
Nekooeimehr & Lai-Yuen, 2016), (
Sanguanmak & Hanskunatai, 2016), 
(Ramentol et al., 2016), (Charte, 
Rivera, Del Jesus, et al., 2015), (W.- 
C. C. Lin et al., 2017), (Douzas & 
Bacao, 2018), (Douzas & Bacao, 
2017), (Mathew et al., 2018), (Ando 
& Huang, 2017), (Rivera, 2017), (
Mao et al., 2017), (S. Guo et al., 
2019), (Piri et al., 2018), (X. Tao 
et al., 2019), (C. L. Liu & Hsieh, 
2020), (F. Hu et al., 2019), (Feng 
et al., 2019), (Tsai et al., 2019), (
Mirzaei et al., 2020), (Menardi & 
Torelli, 2014), (S. Tang & Chen, 
2008), (Barua et al., 2011), (Mirzaei 
et al., 2021), (Soltanzadeh & 
Hashemzadeh, 2021), (Castellanos 
et al., 2018), (S. Wang & Yao, 2009), 
(Chawla et al., 2003), (Mani & 
Zhang, 2003), (Barandela et al., 
2003), (Yoon & Kwek, 2005), (X. Y. 
Liu et al., 2009), (Anand et al., 
2010), (Seiffert et al., 2010), (Tahir 
et al., 2012), (Galar et al., 2013), (
Barella et al., 2014), (Sundarkumar 
& Ravi, 2015), (H. J. Kim et al., 
2016), (Jo & Japkowicz, 2004), (
Cohen et al., 2006), (Błaszczyński 
et al., 2010), (Hensman & Masko, 
2015), (Harliman & Uchida, 2018), (
Lee et al., 2016), (Mirzaei et al., 
2022), (Dablain et al., 2023), (Zhai 
et al., 2022), (Wei et al., 2022), (Y. 
Liu et al., 2023), (Asniar et al., 2022), 
(L. Tao et al., 2024), (Lu et al., 2024), 
(S. Yu et al., 2022), (Hoyos-Osorio 
et al., 2021), (Dai et al., 2022), (H. 
Zhu et al., 2024), (Farshidvard et al., 
2023), (Z. Sun et al., 2024), (Arafa 
et al., 2022), (Dixit & Mani, 2023), (
Vairetti et al., 2024), (Mirzaei, 
2024), (Pan et al., 2024), (Ding et al., 
2024)

(continued on next page)
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TABLE 1 (continued )

Taxonomy perspective Category References

Wrapper (Tong et al., 2011), (H. Yu et al., 
2013), (Triguero et al., 2015), (S. 
García & Herrera, 2009), (H. Guo & 
Viktor, 2004), (Thanathamathee & 
Lursinsap, 2013), (López et al., 
2014), (Vluymans et al., 2016), (
Nikpour & Nezamabadi-pour, 2018), 
(Z. Huang et al., 2020), (J. Ma et al., 
2019), (Susan & Kumar, 2019), (G. Y. 
Y. Wong et al., 2018), (Nikpour & 
Nezamabadi-pour, 2019), (G. Y. 
Wong et al., 2013), (Soltanzadeh 
et al., 2023), (Escobar Díaz Guerrero 
et al., 2024)

Inclusiveness 
perspective

All-inclusive (Kubat, 2000), (Laurikkala, 2001), (
Chawla et al., 2002), (Seiffert et al., 
2009), (Batista et al., 2004), (H. He 
et al., 2008), (Jeatrakul et al., 2010), 
(Tong et al., 2011), (Y. Liu et al., 
2011), (Ramentol et al., 2012), (Cao 
& Wang, 2011), (H. Yu et al., 2013), 
(H. Zhang & Li, 2014), (Verbiest 
et al., 2014), (López et al., 2014), (
Sáez et al., 2015), (Cateni et al., 
2014), (Abdi & Hashemi, 2016), 
(Charte, Rivera, del Jesus, et al., 
2015), (Triguero et al., 2015), (Sáez 
et al., 2016), (Kang et al., 2017), (
Sanguanmak & Hanskunatai, 2016), 
(Ramentol et al., 2016), (Charte, 
Rivera, Del Jesus, et al., 2015), (
Douzas & Bacao, 2018), (Mathew 
et al., 2018), (Ando & Huang, 2017), 
(Rivera, 2017), (S. Guo et al., 2019), 
(Nikpour & Nezamabadi-pour, 
2018), (X. Tao et al., 2019), (C. L. 
Liu & Hsieh, 2020), (Feng et al., 
2019), (Z. Huang et al., 2020), (
Susan & Kumar, 2019), (Mirzaei 
et al., 2020), (G. Y. Y. Wong et al., 
2018), (S. García & Herrera, 2009), (
Tahir et al., 2012), (Błaszczyński 
et al., 2010), (Barandela et al., 2003), 
(S. Wang & Yao, 2009), (Galar et al., 
2013), (H. Guo & Viktor, 2004), (
Seiffert et al., 2010), (Chawla et al., 
2003), (S. Tang & Chen, 2008), (
Menardi & Torelli, 2014), (Mani & 
Zhang, 2003), (Anand et al., 2010), (
Sundarkumar & Ravi, 2015), (
Soltanzadeh & Hashemzadeh, 2021), 
(G. Y. Wong et al., 2013), (
Castellanos et al., 2018), (Nikpour & 
Nezamabadi-pour, 2019), (Vluymans 
et al., 2016), (Hensman & Masko, 
2015), (Harliman & Uchida, 2018), (
Buda et al., 2018), (Lee et al., 2016), 
(Mirzaei et al., 2022), (Dablain et al., 
2023), (Zhai et al., 2022), (Y. Liu 
et al., 2023), (S. Yu et al., 2022), (Dai 
et al., 2022), (H. Zhu et al., 2024), 
(Z. Sun et al., 2024), (Soltanzadeh 
et al., 2023), (Dixit & Mani, 2023), (
Vairetti et al., 2024), (Pan et al., 
2024), (Ding et al., 2024), (Escobar 
Díaz Guerrero et al., 2024)

Partly- 
inclusive

(H. Han et al., 2005), (
Bunkhumpornpat et al., 2009), (
Stefanowski & Wilk, 2008), (S. Hu 
et al., 2009), (Nguyen et al., 2011), (
MacIejewski & Stefanowski, 2011), 
(Q. Wang, 2014), (D’Addabbo & 
Maglietta, 2015), (Thanathamathee 
& Lursinsap, 2013), (Nekooeimehr & 
Lai-Yuen, 2016), (Mao et al., 2017), (
Piri et al., 2018), (F. Hu et al., 2019),  

TABLE 1 (continued )

Taxonomy perspective Category References

(J. Ma et al., 2019), (Tsai et al., 
2019), (Jo & Japkowicz, 2004), (
Barua et al., 2011), (Yoon & Kwek, 
2005), (H. J. Kim et al., 2016), (
Barella et al., 2014), (Cohen et al., 
2006), (X. Y. Liu et al., 2009), (
Mirzaei et al., 2021), (
Bunkhumpornpat et al., 2012), (
Barua et al., 2014), (Douzas & Bacao, 
2017), (Douzas et al., 2018), (Yen & 
Lee, 2009), (Ng et al., 2015), (W.-C. 
C. Lin et al., 2017), (Agrawal et al., 
2015), (Wei et al., 2022), (Asniar 
et al., 2022), (L. Tao et al., 2024), (Lu 
et al., 2024), (Hoyos-Osorio et al., 
2021), (Farshidvard et al., 2023), (
Arafa et al., 2022), (Mirzaei, 2024)

Class perspective Binary-class 
data

(Kubat, 2000), (Laurikkala, 2001), (
Chawla et al., 2002), (H. Han et al., 
2005), (Seiffert et al., 2009), (Batista 
et al., 2004), (H. He et al., 2008), (
Bunkhumpornpat et al., 2009), (
Stefanowski & Wilk, 2008), (Yen & 
Lee, 2009), (S. Hu et al., 2009), (
Jeatrakul et al., 2010), (Nguyen 
et al., 2011), (Tong et al., 2011), (Y. 
Liu et al., 2011), (Bunkhumpornpat 
et al., 2012), (Douzas et al., 2018), (
Ramentol et al., 2012), (MacIejewski 
& Stefanowski, 2011), (Cao & Wang, 
2011), (H. Yu et al., 2013), (
Thanathamathee & Lursinsap, 2013), 
(Barua et al., 2014), (H. Zhang & Li, 
2014), (Q. Wang, 2014), (Verbiest 
et al., 2014), (López et al., 2014), (
Sáez et al., 2015), (Cateni et al., 
2014), (Triguero et al., 2015), (
D’Addabbo & Maglietta, 2015), (
Kang et al., 2017), (Nekooeimehr & 
Lai-Yuen, 2016), (Sanguanmak & 
Hanskunatai, 2016), (Ramentol 
et al., 2016), (W.-C. C. Lin et al., 
2017), (Douzas & Bacao, 2018), (
Douzas & Bacao, 2017), (Mathew 
et al., 2018), (Ando & Huang, 2017), 
(Rivera, 2017), (Mao et al., 2017), (S. 
Guo et al., 2019), (Piri et al., 2018), (
Nikpour & Nezamabadi-pour, 2018), 
(X. Tao et al., 2019), (F. Hu et al., 
2019), (Z. Huang et al., 2020), (J. 
Ma et al., 2019), (Tsai et al., 2019), (
Susan & Kumar, 2019), (Mirzaei 
et al., 2020), (Mirzaei et al., 2021), 
(S. García & Herrera, 2009), (G. Y. Y. 
Wong et al., 2018), (X. Y. Liu et al., 
2009), (Tahir et al., 2012), (
Błaszczyński et al., 2010), (Galar 
et al., 2013), (H. Guo & Viktor, 
2004), (Seiffert et al., 2010), (
Chawla et al., 2003), (S. Tang & 
Chen, 2008), (Menardi & Torelli, 
2014), (Jo & Japkowicz, 2004), (
Barua et al., 2011), (Tomek, 1976), (
Mani & Zhang, 2003), (H. J. Kim 
et al., 2016), (Barella et al., 2014), (
Anand et al., 2010), (Sundarkumar & 
Ravi, 2015), (Soltanzadeh & 
Hashemzadeh, 2021), (G. Y. Wong 
et al., 2013), (Cohen et al., 2006), (
Castellanos et al., 2018), (Nikpour & 
Nezamabadi-pour, 2019), (Vluymans 
et al., 2016), (Mirzaei et al., 2022), (
Zhai et al., 2022), (Wei et al., 2022), 
(Asniar et al., 2022), (L. Tao et al., 
2024), (Lu et al., 2024), (Hoyos- 
Osorio et al., 2021), (Dai et al., 

(continued on next page)
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number of samples as the largest one. Eventually, all the clusters 
belonging to the minority class are over-sampled so that after the over- 
sampling process, (1) the total number of samples in the minority class 
equals the total number of samples in the majority class, and (2) each 
cluster in the minority class has the same number of samples (Jo & 
Japkowicz, 2004).

Authors in (H. Guo & Viktor, 2004) presented an ensemble model 
called DataBoost-IM that uses data generation. This algorithm identifies 
hard majority and minority samples during the execution of boosting. 
Afterward, those hard samples are selected separately and employed to 
generate the respective class’s synthetic samples. Finally, those gener
ated samples will be added to the main dataset. Borderline-SMOTE is 
one of the most well-known algorithms proposed by Han et al. (H. Han 
et al., 2005) to improve SMOTE. In this method, each minority class 
sample with a larger number of majority nearest neighbors than the 
number of minority nearest neighbors is defined as a borderline minority 
sample. Accordingly, this method considers borderline minority class 
samples, which are most likely to be misclassified as a set called 
“Danger” and tends to over-sample the examples belonging to this set. 
Therefore, the algorithm generates synthetic samples along the lines that 
connect the identified borderline samples and their nearest neighbors of 

the same class. Compared to traditional SMOTE, Borderline-SMOTE 
enhances the robustness of the decision boundary by concentrating on 
regions where the minority class is most vulnerable. This targeted 
approach results in the generation of more relevant samples, which 
significantly improves classification performance.

Adaptive Synthetic Sampling (ADASYN) is another over-sampling 
method that tends to employ unequal distribution for different minor
ity class samples based on their complexity level in the learning process. 
In this way, by decreasing class imbalanced bias and shifting the deci
sion boundary toward difficult samples, ADASYN makes the classifier 
more consistent with the distribution of classes (H. He et al., 2008). 
ADASYN is particularly effective in enhancing the detection of minority 
samples by focusing on those near the decision boundary. However, 
similar to SMOTE, ADASYN may slightly lower overall accuracy, as the 
increased number of synthetic samples near the boundary can lead to 
misclassification. In (S. Tang & Chen, 2008), an over-sampling algo
rithm called Adjusting the Direction Of the synthetic Minority clasS 
examples (ADOMS) is proposed. This algorithm is similar to SMOTE, but 
it generates synthetic samples along the first principal component axis 
(PCA) of the local data distribution using k nearest neighbors.

Safe-Level Synthetic Minority Over-sampling Technique (Safe-Level- 
SMOTE) is another method that assigns a safe level ratio to each mi
nority class sample and generates synthetic samples only in the safe 
regions. Contrary to SMOTE and Borderline-SMOTE, which may 
generate samples in inappropriate regions, Safe-Level-SMOTE’s idea 
prevents the generation of samples that can increase overlapping and 
noise (Bunkhumpornpat et al., 2009). It should be noted that Safe-Level- 
SMOTE serves as a complementary method to ADASYN. While ADASYN 
addresses the risk of overfitting by focusing on difficult minority in
stances, Safe-Level-SMOTE is designed to prevent underfitting by 
ensuring that synthetic samples are generated only in ’safe’ regions of 
the feature space, where the likelihood of class overlap is minimized.

MSMOTE is another modification on SMOTE in which minority class 
samples are categorized into three groups: security samples, border 
samples, and noise samples based on the distance of all samples. 
MSMOTE takes minority class samples into account and removes noise 
samples by adaptive mediation (S. Hu et al., 2009). The OverBagging 
procedure proposed by Wang et al. (S. Wang & Yao, 2009) increases the 
size of the minority class by iterating over the original samples (random 
over-sampling), whereas the majority class samples can be all consid
ered in every bag or can be resampled to increase the diversity. That is 
while SMOTEBagging integrates bagging with different amounts of 
SMOTE and over-sampling in each iteration so that the dataset is 
balanced completely. Over-sampling percentage in this method changes 
in each iteration (ranging from 10 % in the first iteration to 100 % in the 
last, and is multiple of 10). This ratio shows the number of minority 
samples resampled randomly (with replacement) from the original 
dataset in every iteration. The rest of the minority samples will be 
created by SMOTE (S. Wang & Yao, 2009).

Ref. (Nguyen et al., 2011) presents a new over-sampling method by 
combining extrapolation and interpolation techniques. Extrapolation 
expands the minority class boundaries toward areas with fewer majority 
class instances. Meanwhile, the current rare class boundary is consoli
dated by interpolation to other places. One problem of original SMOTE 
is that it overgeneralizes the minority class area as it does not take the 
distribution of neighbors from the majority classes into account. LN- 
SMOTE, presented in (MacIejewski & Stefanowski, 2011), tries to 
solve this problem by adapting and modifying the idea of identifying the 
distribution of other examples located in the neighborhood. Experi
mental results reveal that LN-SMOTE outperforms the original SMOTE 
and borderline version of it. ASMOBD (over-sampling technique based 
on data density) is an over-sampling technique that takes advantage of 
the data’s density to generate new minority samples (Cao & Wang, 
2011). Compared to other existing methods, ASMOBD can generate a 
different number of synthetic samples around each rare class sample 
based on its difficulty level in the learning process. Also, this method can 

TABLE 1 (continued )

Taxonomy perspective Category References

2022), (H. Zhu et al., 2024), (
Farshidvard et al., 2023), (Z. Sun 
et al., 2024), (Soltanzadeh et al., 
2023), (Arafa et al., 2022), (Dixit & 
Mani, 2023), (Vairetti et al., 2024), (
Mirzaei, 2024), (Pan et al., 2024)

Multi-class 
data

(Agrawal et al., 2015), (Ng et al., 
2015), (Abdi & Hashemi, 2016), 
(Charte, Rivera, del Jesus, et al., 
2015), (Sáez et al., 2016), (Charte, 
Rivera, Del Jesus, et al., 2015), (C. L. 
Liu & Hsieh, 2020), (Feng et al., 
2019), (Barandela et al., 2003), (S. 
Wang & Yao, 2009), (Yoon & Kwek, 
2005), (Hensman & Masko, 2015), (
Harliman & Uchida, 2018), (Buda 
et al., 2018), (Lee et al., 2016), (
Dablain et al., 2023), (Y. Liu et al., 
2023), (S. Yu et al., 2022), (Ding 
et al., 2024), (Escobar Díaz Guerrero 
et al., 2024)

Resampling in 
ensembles 
perspective

Boosting- 
based 
ensembles

(Chawla et al., 2003), (Seiffert et al., 
2010), (H. Guo & Viktor, 2004), (
Galar et al., 2013)

Bagging- 
based 
ensembles

(S. Wang & Yao, 2009), (Barandela 
et al., 2003), (Błaszczyński et al., 
2010), (Tahir et al., 2012)

Hybrid 
ensembles

(X. Y. Liu et al., 2009)

Methods for Deep Learning (Ando & Huang, 2017), (Douzas & 
Bacao, 2018), (Hensman & Masko, 
2015), (Harliman & Uchida, 2018), (
Buda et al., 2018), (Lee et al., 2016), 
(Dablain et al., 2023), (Zhai et al., 
2022), (Pan et al., 2024), (Ding et al., 
2024), (Escobar Díaz Guerrero et al., 
2024)

Metaheuristic-based methods (H. Yu et al., 2013), (Triguero et al., 
2015), (S. García & Herrera, 2009), (
López et al., 2014), (Vluymans et al., 
2016), (Nikpour & Nezamabadi- 
pour, 2018), (J. Ma et al., 2019), (
Susan & Kumar, 2019), (Orriols-Puig 
& Bernadó-Mansilla, 2009), (G. Y. Y. 
Wong et al., 2018), (Galar et al., 
2013), (H. J. Kim et al., 2016), (G. Y. 
Wong et al., 2013), (Soltanzadeh 
et al., 2023), (Nikpour & 
Nezamabadi-pour, 2019)
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be used to eliminate noise from the dataset. It should be noted that 
ADASYN can be considered a specialized variant of ASMOBD, as both 
methods prioritize generating synthetic samples based on the difficulty 
level of minority class instances.

Authors in (Barua et al., 2011) proposed a Cluster-Based Synthetic 
Over-sampling (CBSO) algorithm, which combines the synthetic over- 
sampling mechanism of existing methodologies with a different data 
generation mechanism based on clustering. CBSO creates the synthetic 
data samples using an unsupervised clustering method rather than the k- 
NN strategy and ensures that these samples always lie inside the mi
nority regions. DBSMOTE is a cluster-based over-sampling technique 
that tries to form arbitrarily shaped clusters using the DBSCAN method 
(Ester et al., 1996). In the next step, DBSMOTE generates artificial 
samples along the shortest path between each minority sample and a 
pseudo centroid of a minority-class cluster. As a result, the generated 
samples are dense near centroids and sparse getting far from them 
(Bunkhumpornpat et al., 2012). In (Thanathamathee & Lursinsap, 
2013), the authors proposed a method for handling imbalanced data 
problems based on two concepts. The first concept is to show the effect 
of measuring the distance between classes’ subclusters and demonstrate 
all relevant class boundary samples. The second one is expanding the 
distribution of training space to deal with unseen incoming testing in
stances in advance based on Bootstrapping methods.

Majority Weighted Minority Over-sampling Technique (MWMOTE), 
introduced by Barua et al., takes advantage of two steps for producing 
synthetic samples. First, it identifies hard-to-learn informative minority 
class samples and assigns them weights based on their Euclidean dis
tance from the nearest majority class samples. Next, artificial samples 
are generated based on the weighted informative minority class samples 
using a clustering approach. Hence, all the generated synthetic samples 
lie inside the minority class clusters (Barua et al., 2014). A random walk 
over-sampling method, RWO-sampling, is presented in (H. Zhang & Li, 
2014), which uses random walking to generate new minority samples. 
The distribution of new synthetic samples follows the primary minority 
samples, and the boundary of this class is expanded. Iterative Instance 
Adjustment algorithm for Imbalanced Domains is another algorithm that 
learns the proper number of samples to represent the classes iteratively 
(López et al., 2014). This method employs an evolutionary algorithm to 
optimize the samples’ placing and select the best samples to demonstrate 
the classes. Random Over-sampling Examples (ROSE) is a smoothed 
bootstrap-based technique to mitigate the effect of the extreme imbal
anced distribution of classes. ROSE creates the synthetic samples from 
the conditional density estimate of the classes. This method benefits 
model estimation and assessments and applies to both continuous and 
categorical datasets (Menardi & Torelli, 2014).

There are data sets associated with more than one label in the real 
world, called multi-label data sets, some of which are imbalanced 
(Kashef et al., 2018). In (Charte, Rivera, del Jesus, & Herrera, 2015; 
Charte, Rivera, Del Jesus, & Herrera, 2015; Fernández, García, Herrera, 
& Chawla, 2018; Kim, Jo, & Shin, 2016; Prati, Batista, & Monard, 2004; 
Zhang, Bi, et al., 2019; Zhang, Tan, Li, & Hong, 2019; Fernández et al., 
2018a; Fernández et al., 2018b), SMOTE is modified to acquire the 
ability to be used for such data sets. This method is called MLSMOTE. In 
(Hensman & Masko, 2015), ROS is used to make the distribution of data 
balanced, and afterward, its effect on Convolutional Neural Network 
(CNN) was observed. The authors made an imbalanced version of the 
popular CIFAR dataset and found out that ROS could lead to results as 
good as the original balanced data results. Abdi et al. proposed an over- 
sampling technique based on Mahalanobis Distance called MDO for 
multi-class imbalanced sets in which synthetic minority samples are 
generated with the Mahalanobis distance from the class mean similar to 
the other minority samples (Abdi & Hashemi, 2016). MDO decreases the 
risk of between-class overlapping, which is very important in multi-class 
problems. An over-sampling approach for multi-class imbalanced data 
sets is proposed in (Sáez et al., 2016). This approach focuses on using the 
characteristics of classes so that in each class, subsets of specific samples 

are found, and over-sampling is arranged independently for each of 
them to use class structure information. A novel over-sampling tech
nique is presented in (Nekooeimehr & Lai-Yuen, 2016) that defines 
borderline minority samples by clustering the minority class. The clus
tering methodology is a hierarchical semi-unsupervised algorithm. 
Then, it defines the over-sampling size for each cluster adaptively and 
over-samples minority samples based on their distance to majority 
samples. In this way, majority and minority classes will not overlap since 
majority samples are considered in clustering and over-sampling 
processes.

The self-Organizing Map-based Over-sampling method (SOMO) 
employs a self-organizing map to present the input space in two di
mensions, making the production of new samples more effective. After 
mapping the input space, SOMO creates within-cluster and between- 
cluster synthetic samples (Douzas & Bacao, 2017). Deep Over- 
sampling (DOS) was proposed by Ando and Huang, where the syn
thetic over-sampling method was extended to deep feature space gained 
by the convolutional neural network (CNN) (Ando & Huang, 2017). 
They used an iterative process to train CNN, which results in reducing 
the in-class variance. Noise Reduction A Priori Synthetic Over-Sampling 
methodology is proposed in (Rivera, 2017), which considers a mem
bership probability for minority samples. Therefore, it can eliminate 
minority samples that appear to be noise, and the sampling will be se
lective. Most of the techniques that are presented in the SMOTE category 
are complex and increases noise during over-sampling. Accordingly, 
Douzas et al. propose a simple and effective over-sampling method 
based on k-means clustering and SMOTE, which avoids generating noise 
and effectively deals with inequality between and within classes’ dis
tributions (Douzas et al., 2018). Unlike most data-level methods, which 
are designed for data being represented by a feature vector, a method 
was proposed in 2018 to balance data sets in string space (Castellanos 
et al., 2018). In this method, SMOTE is adapted to string space, i.e., 
synthetic strings are generated between two training samples.

To solve the problem SMOTE encounters in nonlinear problems, 
weighted kernel-based SMOTE is proposed that generates new samples 
in the support vector machine’s feature space (Mathew et al., 2018). In 
(Douzas & Bacao, 2018), the conditional version of Generative Adver
sarial Networks is used to estimate the actual distribution of data and 
generate artificial minority samples, so it is considered an over-sampling 
technique and designed for binary data sets. The synthetic informative 
minority over-sampling method is introduced in (Piri et al., 2018), 
which takes advantage of SVM’s decision boundary. This method first 
classifies the data using SVM and finds the decision boundary. After
ward, the samples close to the decision boundary are over-sampled. 
Another version of this method is also designed that gives more 
weight to incorrectly classified samples and over-samples them with a 
higher degree.

An approach for solving the imbalanced data problem in deep 
learning was presented in (Harliman & Uchida, 2018) which uses both 
over-sampling and algorithm modification technique. In this method, a 
modified version of SMOTE is proposed for over-sampling the minority 
class. They called their method Ripple-SMOTE, which generates syn
thetic samples using i-farthest samples from centroids. The authors used 
MNIST, CUReT texture set, and Malware data set for their experiments 
and proved that their approach could improve performance. In another 
study in deep learning domain (Buda et al., 2018) proved that ROS 
outperforms RUS and two-phase learning methods by doing experiments 
on three large data sets, including MNIST, CIFAR-10, and ImageNet, and 
comparing the AUC results.

In (S. Guo et al., 2019), an improvement for SMOTE is proposed. The 
Euclidean distance of each minority sample is employed to regulate 
classes’ distribution and create artificial samples in the other minority 
samples’ neighborhoods. Xinmin et al. introduced a new over-sampling 
method in 2019 that creates synthetic data using a real-valued negative 
selection process without needing original minority samples (X. Tao 
et al., 2019). The synthetic samples and rare original minority samples 

B. Nikpour et al.                                                                                                                                                                                                                                Expert Systems With Applications 295 (2026) 128920 

10 



are then combined with majority samples to generate a balanced data 
set. A dynamic rotation forest algorithm was designed for multi-class 
imbalanced data sets based on the SMOTE algorithm (Feng et al., 
2019). The idea was to balance the data sets before constructing rotation 
decision trees. A number of desired minority samples are replicated 
based on a defined rate, and the rest are generated using the SMOTE 
algorithm.

Huang et al. tried to improve the MOTE algorithm by making it 
dynamic in (Z. Huang et al., 2020). They proposed an algorithm to 
optimize the SMOTE parameter and the final imbalanced ratio selected 
by the user before. To do so, they recommended a new selection strategy 
and used a state transition algorithm to search for the best solutions. An 
evolutionary over-sampling technique based on safe-level approach is 
proposed in (J. Ma et al., 2019) that generates synthetic samples along 
the same line but with different weights. This method is used to predict 
seminal quality. In (C. L. Liu & Hsieh, 2020), a framework is suggested 
that combines sampling and modeling methods for data generation. This 
method, called model-based synthetic sampling, utilizes regression to 
find the connection between features and considers data generation 
diversity. In (Soltanzadeh & Hashemzadeh, 2021), an improved mi
nority over-sampling method called the Range-Controlled SMOTE 
(RCSMOTE) is introduced to simultaneously overcome all SMOTE 
method problems. This method’s purpose is twofold: 1) improving the 
sample selection procedure in the over-sampling process, and 2) 
improving the synthetic sample generation manner.

Zhai et al. presented two innovative methods, BIDC1 and BIDC2, 
aimed at enhancing binary imbalanced data classification through the 
application of diversity over-sampling techniques facilitated by gener
ative models (Zhai et al., 2022). These approaches address the limita
tions of traditional over-sampling methods like SMOTE, which 
frequently fail to capture the comprehensive probability distribution of 
data and generate samples with limited diversity. BIDC1 utilizes an 
Extreme Learning Machine Autoencoder (ELMAE) to iteratively refine 
the generation of minority class samples, increasing their diversity while 
maintaining their distinct characteristics separate from the majority 
class. On the other hand, BIDC2 employs a Generative Adversarial 
Network (GAN) that fosters a dynamic adversarial process to produce 
high-quality synthetic samples, significantly enhancing the separability 
and diversity compared to conventional methods. These advanced 
strategies outperform existing methods by producing samples that are 
not only more diverse but also better positioned to delineate the decision 
boundary between classes, thereby improving the classifier’s perfor
mance on imbalanced datasets.

Wei et al. proposed an enhanced version of SMOTE for addressing 
data imbalance issues, named Improved and Random SMOTE (IR- 
SMOTE). This technique enhances the traditional SMOTE approach by 
employing k-means clustering to remove noise and using kernel density 
estimation to adaptively generate synthetic samples, ensuring repre
sentative diversity. Designed to improve classification performance by 
more effectively generating synthetic samples for minority classes in 
imbalanced datasets, IR-SMOTE differentiates itself from traditional 
SMOTE by introducing randomness in the selection process of minority 
class examples and the interpolation method to create new instances. 
This approach aims to diversify the synthetic samples and avoid over
fitting to specific patterns present in the minority class. By incorporating 
a random selection of features and examples for generating new data 
points, IR-SMOTE ensures a broader coverage of the feature space, 
which helps in capturing the underlying distribution more accurately 
(Wei et al., 2022). Asniar et al. introduced SMOTE-LOF method, which 
enhances SMOTE by integrating the Local Outlier Factor (LOF) to 
identify and eliminate noisy synthetic samples in imbalanced datasets 
(Asniar et al., 2022). While SMOTE helps to balance class distribution by 
generating synthetic minority samples, it can inadvertently create 
samples that mimic the majority class, introducing noise that can 
degrade model performance. SMOTE-LOF addresses this by applying 
LOFA technique traditionally used for outlier detection to refine the 

dataset, ensuring the synthetic samples accurately represent the mi
nority class and improve the overall predictive accuracy of the model.

DeepSMOTE is another approach introducing a novel end to end 
over-sampling algorithm specifically designed for deep learning models 
applied to image data with class imbalances (Dablain et al., 2023). The 
algorithm integrates the principles of SMOTE within a deep learning 
architecture comprising an encoder/decoder framework, a dedicated 
loss function enhanced with a penalty term, and SMOTE-based over- 
sampling. This structure allows for effective, high-quality artificial 
image generation, addressing the bias toward majority classes. Unlike 
methods that rely on GANs, DeepSMOTE does not require a discrimi
nator component, simplifying the training process and enhancing the 
overall stability and robustness of the model. A noise-robust over-sam
pling method is discussed in (Y. Liu et al., 2023) which primarily ad
dresses issues related to noisy and overlapping data in imbalanced 
datasets. The approach begins by identifying clusters within the data, 
where each cluster is analyzed to determine if it contains noise data 
points that may overlap significantly with majorities, causing confusion 
for classifiers. Once identified, these noisy instances are removed. Sub
sequently, safe and noise-free synthetic samples are generated through a 
method that carefully considers the proximity and density of the mi
nority class samples, ensuring that the newly created points reinforce 
the minority class without exacerbating overlap or introducing new 
noise. This process results in a cleaner, more balanced dataset that en
hances the performance of classification models.

The Adaptive Safe-Region Diversity Over-sampling (ASRDO) method 
is proposed in (L. Tao et al., 2024) which introduces an approach to 
address imbalanced classification by defining safe hyperspherical sam
pling regions around each minority class instance, using the nearest 
distance to majority instances as a radius. This prevents the encroach
ment of synthesized instances into majority class territory, thereby 
reducing noise. The method assigns weights based on the density within 
these regions and the distance to the nearest majority instances, prior
itizing harder-to-learn minority instances for over-sampling. New syn
thetic instances are then generated along a direction vector, determined 
by linear combination of vectors from the nearest minority neighbors, 
ensuring that these instances are both diverse and representative of the 
minority class.

Lu et al. proposed the Overlapping Minimization-based Over-Sam
pling (OMOS) algorithm to enhance binary imbalanced classification by 
strategically generating synthetic minority samples to augment the 
dataset while minimizing overlap with the majority class (Lu et al., 
2024). This process involves four key steps: first, employing the mean 
shift algorithm to dynamically cluster the dataset based on data density, 
thereby identifying natural groupings without predetermined cluster 
counts. Second, filtering to select ’safe’ samples, those that consistently 
retain their minority status post-clustering to ensure the synthetic 
samples introduced do not incorporate characteristics of the majority 
class. Third, training autoencoders for each minority cluster to capture 
the essential distribution features of these safe samples, facilitating the 
generation of representative and diverse synthetic instances. Finally, 
adaptive over-sampling utilizes the modeled distributions to create new 
samples, with sampling rates calculated for each cluster based on its 
sparsity and sample density, ensuring a balanced enhancement of the 
dataset that maintains the original data integrity and improves classifier 
performance.

The work in (Escobar Díaz Guerrero et al., 2024) presents an over- 
sampling methodology designed to address class imbalance in histopa
thology images, specifically for nuclei detection. It introduces a modi
fied copy-paste data augmentation technique combined with weight- 
balancing in the loss function to improve classification performance of 
minority classes without compromising majority classes. It is worth 
noting that while the primary focus of this work is on data-level 
methods, it also incorporates algorithmic adjustments to further 
improve performance. The approach is validated on an unbalanced 
dataset, demonstrating its effectiveness in enhancing detection and 
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classification, particularly in cases with high instance density. Ding et al. 
proposed a GAN-based over-sampling method, IBGAN, to address the 
issue of imbalanced medical image classification using data augmenta
tion. It focuses on generating intra-class sparse and boundary samples 
using techniques like iForest and SVDD to enhance the quality and di
versity of synthetic data, ultimately improving classification perfor
mance (Ding et al., 2024).

Ref. (Pan et al., 2024) introduces an Improved Generative Adversa
rial Network (I-GAN) for over-sampling imbalanced datasets, addressing 
the limitations of traditional methods that rely on local density distri
butions. I-GAN incorporates three strategies: sampling random vectors 
for the generator from a rough estimate of the distribution of minority 
samples, enhancing the discriminator’s loss function, and reshaping 
generated samples to better reflect the minority class distribution. 
Experimental results show that I-GAN significantly outperforms 22 
classical sampling methods and other GAN approaches, demonstrating 
its effectiveness in improving classification performance. The work in 
(Mirzaei, 2024) proposes a novel over-sampling technique based on 
clustering. Initially, the k-means clustering algorithm is applied to group 
the minority class samples. Next, the sparse clusters that contain fewer 
samples are selected. Finally, the synthetic samples for the minority 
class are generated using the nearest neighbors of each cluster center. 
Additionally, the roulette wheel selection operator is employed to 
probabilistically choose clusters during the over-sampling process. 

• Under-sampling methods

In this category, Condensed Nearest Neighbor Rule (CNN) is used to 
generate a subset Eʹ from E. Firstly, the algorithm draws one majority 
class sample and all the minority class samples and puts these samples in 
Eʹ. Then, it applies 1-NN over the samples in Eʹ to classify the samples in 
E in such a way that every misclassified sample from E is moved to Eʹ. It 
should be noted that this algorithm does not find the smallest consistent 
subset from E, and its main aim is to remove the majority class samples 
that are distant from the decision border because they may be consid
ered less relevant for learning (Hart, 1968). Tomek Links (TL) is a 
method that can be used as an under-sampling or as a data cleaning 

technique (Tomek, 1976). Let Ei =
(
xi.yi

)
and Ej =

(
xj.yj

)
denote two 

samples whereyi ∕= yjand d(Ei.Ej) shows the distance between Ei and Ej. A 
pair (Ei.Ej) is called Tomek Link if there is not a sample El, so that d 
(Ei.El)< d(Ei.Ej) or d(Ej.El)< d(Ei.Ej). If two samples form a Tomek link, 
then either one of these samples is noise or both samples are borderline. 
As an under-sampling method, only majority class samples are elimi
nated, and as a data cleaning method, samples from all classes are 
removed in each Tomek Link found.

Kubat et al. proposed an under-sampling method called one-sided 
selection (OSS) in (Kubat, 2000). This method first creates a set con
taining all minority class samples and one randomly selected majority 
class sample and calls it C. Then, the original training set is classified by 
one nearest neighbor using set C. All misclassified samples are trans
ferred to C. Finally, the majority class samples participating in Tomek 
Links are removed from C, which results in the removal of borderline 
and noisy samples. Neighborhood Cleaning Rule (NCL) is an under- 
sampling method in which, first, the three nearest neighbors of each 
training sample are found. If this sample is of majority class and is 
misclassified by its three nearest neighbors, the algorithm removes it. If 
the sample is a minority class sample and its three nearest neighbors 
classify it wrongly, the nearest neighbors belonging to the majority class 
are eliminated (Laurikkala, 2001).

NearMiss approaches are a family of four under-sampling methods 
based on informed heuristics (Mani & Zhang, 2003). The first method is 
“NearMiss-1”, in which the majority class samples are selected close to 
some of the minority class samples. This methodology selects the ma
jority samples with the smallest average distances to their three closest 
minority samples. The second method is “NearMiss-2”, in which those 

majority samples whose average distances to the three most distant 
minority samples are the smallest will be chosen. The third method is 
“NearMiss-3”, which chooses a given number of the closest majority 
samples for each minority sample. Finally, the fourth method is called 
“Most distant”, which selects those majority samples whose average 
distances to the three nearest minority samples are the largest. Authors 
in (Barandela et al., 2003) proposed the UnderBagging procedure, which 
on the contrary to OverBagging, works based on under-sampling the 
dataset in each bagging iteration randomly such that all the minority 
class samples are kept in each iteration. In (Yen & Lee, 2009), the au
thors propose a cluster-based under-sampling technique, called SBC, by 
taking advantage of a backpropagation neural network. SBC achieves 
not only satisfying results in identifying the rare class events but also has 
fast execution time.

Class Purity Maximization (CPM) is an under-sampling technique 
that first finds a pair of samples as centers, one belonging to the minority 
class and the other belongs to the majority class. These centers are used 
to partition all the samples into two clusters C1, C2. When the class 
impurity in either of the clusters is less than its parent impurity (Imp), 
our clusters have been found. The impurity of a set of samples is simply 
the proportion of minority class samples. Then, each of these clusters is 
partitioned into subclusters recursively. Accordingly, hierarchical clus
tering is formed. If the impurity cannot be improved, then the recursion 
will be stopped (Yoon & Kwek, 2005). Evolutionary Under-sampling 
with the CHC algorithm (EUSCHC) is an under-sampling technique in 
which selecting the subset of samples is done by the well-known CHC 
evolutionary algorithm and considering a binary codification for the 
subset membership. In this method, any performance measure can be 
used as a fitness, and the samples classified correctly and outside of the 
chosen subset have positive weighting (S. García & Herrera, 2009).

Liu et al. (X. Y. Liu et al., 2009) proposed two hybrid ensemble 
methods named EasyEnsemble and BalanceCascade, referred to as 
exploratory under-sampling methodologies. EasyEnsemble is performed 
similarly to UnderBagging, but despite the training of a classifier for 
each new bag, each bag is trained using AdaBoost. Accordingly, the final 
classifier looks like an ensemble of ensembles, whereas it is a single 
ensemble. Besides, BalanceCascade is a supervised algorithm in which 
the classifiers have to be trained sequentially. In each bagging iteration, 
after learning AdaBoost, those majority samples which are classified 
correctly with higher certainties by the currently trained classifiers will 
be eliminated from the dataset, and they do not exist in further itera
tions. Ref. (Anand et al., 2010) presents a weighted under-sampling 
based approach in which first, the weighted Euclidean distance of 
each majority sample from each of the minority samples is calculated. 
All features are weighted by its Fishers discriminant score, which mea
sures the overlapping per attribute. Afterward, for each minority sam
ple, the majority samples are sorted in ascending order of distance from 
the minority sample. Finally, for each minority sample, a user-defined 
number of majority samples are chosen. The user-defined number de
notes the desired ratio of majority samples to minority samples. Seiffert 
et al. (Seiffert et al., 2010) introduced RUSBoost, which eliminates the 
majority class samples in each iteration using random under-sampling. 
To form a distribution, the weights of samples in the new under- 
sampled dataset will be normalized.

In (Tahir et al., 2012), the authors introduced an inverse random 
under-sampling technique (IRUS) for class imbalance problems based on 
the bagging concept. The main idea of IRUS is severely under-sampling 
the majority class through creating bags such that the imbalanced sit
uation is reversed concerning the original one. Each bag includes all 
minority samples but only a few majorities. Thus, the classification 
model concentrates on the minority class that can be distinguished from 
the majority class successfully. A combination of SMOTE and CHC 
evolutionary algorithm is proposed in (G. Y. Wong et al., 2013) to 
improve SMOTE results. This method first over-samples the minority 
class, and then the CHC evolutionary algorithm is used to decrease the 
synthetic samples and the majority samples. ACOSampling (H. Yu et al., 
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2013) takes advantage of ant colony optimization (ACO) to eliminate 
redundant samples from the dataset. First, it starts with feature selection 
to remove noisy genes from the data. Next, it divides the original 
training set into two sets, including the training and validation set, 
randomly and repeatedly. Then, in each subset, a modified version of the 
ACO algorithm is conducted to eliminate less critical majority class 
samples and search for the optimal training subset. In the end, a statis
tical result of each training subset is given in the form of a frequency list 
where each frequency denotes the importance of each majority class 
sample in the learning procedure. Finally, highly significant majority 
samples are kept, and the final training set is constructed by combining 
them with minority samples.

Galar et al. (Galar et al., 2013) proposed an intelligent under- 
sampling-based ensemble named EusBoost that combines the EUS data 
level method in each iteration of AdaBoost. The EusBoost method works 
based on RusBoost and increases classifier performance by applying the 
evolutionary under-sampling technique. The critical factor of EusBoost 
is the diversity mechanism in which a different subset of data in each 
iteration is considered. Verbiest et al. proposed a hybrid method for 
noisy imbalanced data sets that first applies a prototype selection al
gorithm on data sets to remove noninformative or noisy samples. Then, 
the SMOTE algorithm is used for over-sampling, and finally, another 
prototype selection algorithm is used to clean the generated data. Both 
prototype selection algorithms are designed based on the theory of fuzzy 
rough sets (Verbiest et al., 2014).

Barella et al. (Barella et al., 2014) introduced an under-sampling 
strategy named ClusterOSS, an adaptation of the strategy used by OSS 
to balance the data distribution. Firstly, the algorithm uses a clustering 
procedure (for example, k-means) to cluster the majority class samples. 
Then, for each cluster, the closest samples to the center are found. These 
samples are employed to start the under-sampling process, which is 
identical to OSS. Eventually, as in OSS, Tomek Links data cleaning 
technique is utilized. There are two main differences between Cluster
OSS and OSS. The first difference is that ClusterOSS can start the under- 
sampling process from more than one sample and the second one is that 
the under-sampling process is not started at random. By doing so, 
ClusterOSS can enhance the effectiveness of under-sampling. In (Ng 
et al., 2015), a technique is proposed which clusters the majority sam
ples to consider the information regarding their distribution and 
improve the diversity. Then, the under-sampling is performed by 
selecting samples using the stochastic sensitivity measure. This pro
cedure is continued iteratively until a balanced data set is achieved. A 
parallel model for evolutionary under-sampling in large scale imbal
anced data sets is proposed in (Triguero et al., 2015). To do so, the 
MapReduce framework is adopted, and a windowing approach is 
developed to accelerate the under-sampling procedure.

Sundarkumar et al. (Sundarkumar & Ravi, 2015) present a hybrid 
under-sampling method in which, first, the atypical values from the 
majority class are eliminated using a k reverse NNs technique. Then, 
from the resulting dataset without outlier data, the support vectors are 
extracted using one-class SVMs. In this method, SVM is selected mainly, 
as it performs an IS (through the collection of support vectors) while 
classifying the data sets. Accordingly, the under-sampling process is 
carried out implicitly by choosing some important samples from the 
majority class. Parallel Selective Sampling is a filter under-sampling 
method designed for big imbalanced data sets (D’Addabbo & 
Maglietta, 2015). This method’s main idea is that the samples existing 
close to the separating boundary are more relevant, so such samples 
should be well-preserved when decreasing the data size. Another 
SMOTE-based method called SMOTE-FRST-2 T is proposed in (Ramentol 
et al., 2016). This method combines SMOTE and an instance selection 
strategy designed based on a fuzzy rough set theory. After applying 
SMOTE to the data set, two thresholds are used to remove redundant 
majority samples and useless generated minority samples. In another 
study, a two-phase learning method was employed. RUS was used to 
under-sample the majority class, and a Convolutional Neural Network 

was pre-trained using the new data (Lee et al., 2016). Afterward, CNN 
was fine-tuned using the original data. Their experiments on WHOI- 
Plankton data, a big, highly imbalanced data, proved their method is 
effective.

In (H. J. Kim et al., 2016), the authors propose a cluster-based 
evolutionary under-sampling technique, called CBEUS, in which clus
tering and genetic algorithms are combined to address the problem of 
imbalanced data. CBEUS first divides the majority class samples into 
several clusters using the k-means algorithm. Afterward, the distance 
between a sample and centroid within each cluster is calculated using 
the Euclidean distance function. In the next step, the thresholds repre
senting the distance from each group’s centroid are found using a ge
netic algorithm. In this way, the relevant majority samples are selected 
based on removing noisy samples that are far from the centroid of the 
cluster. Noise-filtered Under-sampling Scheme (NUS) is suggested in 
(Kang et al., 2017), which applies k Nearest Neighbor based noise filter 
to the minority class since noisy minority samples can deteriorate the 
classifier’s performance. Afterward, the majority class is under-sampled 
using one of the four under-sampling methods analyzed in the paper 
called UA, RUSB, UB, and EE. In (W.-C. C. Lin et al., 2017), two under- 
sampling approaches are presented. In both approaches, the majority 
class samples are clustered using the k-means algorithm, and the number 
of classes is equal to minority samples. In the first strategy, cluster 
centers represent majority class samples, while in the second strategy, 
the nearest neighbor to cluster centers is used.

Hyper-heuristic training set selection is another methodology that 
uses a metaheuristic approach called BQIGSA in a hyper-heuristic 
framework to select informative samples from the majority and minor
ity classes (Nikpour & Nezamabadi-pour, 2018). This framework allows 
a trade-off between exploration and exploitation in the search algorithm 
using global and local search approaches. In (G. Y. Y. Wong et al., 2018), 
the authors introduced a hybrid preprocessing method that uses Fuzzy 
Rule Base (FRB) with CHC evolutionary algorithm called FRB + CHC. 
First, fuzzy logic is utilized to over-sample the minority class samples, 
and a fuzzy rule base is formed. The fuzzy rules are created based on the 
minority class samples. To evaluate the importance of each rule, the rule 
weight wθ is employed. After generating the rule base for the minority 
class, the rules are drawn randomly regarding the rule weight. The rule 
with a higher rule weight has a higher chance to be chosen, and a new 
synthetic sample is generated inside the area of the chosen rule. This 
process is repeated until the minority class size is the same as that of the 
majority class. Finally, the CHC algorithm removes both of the new 
synthetic samples and the majority samples.

A cluster-based instance selection algorithm is proposed, which first 
clusters majority samples and then selects the best samples in each 
subclass using instance selection (Tsai et al., 2019). A memetic algo
rithm for training set selection is presented in (Nikpour & Nezamabadi- 
pour, 2019), which selects useful samples from minority and majority 
classes. This method first proposes a memetic based search framework 
using a binary quantum-inspired gravitational search algorithm. It then 
suggests several local search algorithms used in this framework based on 
the problem’s nature. In Ref. (Mirzaei et al., 2020), an under-sampling 
technique is presented, using the DBSCAN algorithm to reduce the ma
jority class size. First, this technique applies the DBSCAN algorithm over 
the majority samples to cluster them into different categories, including 
core samples, border samples, and outlier samples. Then, only core 
samples are employed as representative of the majority class and other 
samples including border and outlier samples are eliminated to obtain 
the balanced training set.

An under-sampling method called Relevant Information-based 
Under-Sampling (RIUS) is presented in (Hoyos-Osorio et al., 2021) 
which aims to improve classification performance by selecting the most 
relevant examples from the majority class, based on an information- 
preservation principle. The method incorporates clustering-based 
under-sampling (CBUS) to enhance data representation, forming a 
more robust approach known as Clustering-based RIUS (CRIUS). RIUS 
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identifies informative instances using an entropy-based cost function 
that measures redundancy and distortion within the majority class data. 
CRIUS builds on this by dividing the majority class into clusters and 
applying RIUS within each to further optimize the sample selection, 
balancing the dataset without losing significant data structures. In 
another paper, Dai et al. introduced a novel under-sampling algorithm 
named Multi-Granularity Relabeled Under-Sampling (MGRU) (Dai et al., 
2022). This technique enhances traditional under-sampling by focusing 
on potentially overlapping instances in local subspaces of features, 
thereby aiming to improve classification accuracy. The core advance
ment in MGRU lies in its ability to detect and remove majority class 
instances that contribute to class overlap, using a combination of 
Mahalanobis distance and local subspace analysis. This approach not 
only reduces class overlap but also preserves the essential structure of 
the data, which is often compromised in typical under-sampling 
methods.

Yu et al. proposed a method that tackles class imbalance by 
dynamically adjusting the weights of individual instances based on their 
learning difficulties, rather than adjusting class weights uniformly. It 
measures the difficulty of each instance by observing how quickly it is 
learned, similar to human learning processes. This approach uses a re- 
sampling algorithm that tracks prediction changes for each instance 
across training epochs to adjust their sampling probabilities. More 
weight is given to slower-learning instances to address the underrepre
sentation of minority classes and challenging instances in majority 
classes. The strategy has shown superior performance on class- 
imbalanced datasets and is supported by theoretical proofs of correct
ness and convergence. Although no sample is removed in this approach, 
the sample can be included in the instance selection category as the 
importance weights are assigned to the samples of both classes (S. Yu 
et al., 2022).

Farshidvar et al. proposed a two-phase clustering-based under- 
sampling method which focuses on retaining the general data pattern 
and distribution by utilizing a convex-hull-based clustering technique. 
In the first phase, the majority class is divided into clusters such that no 
minority class samples fall within the convex-hull of these clusters 
(Farshidvard et al., 2023). This is achieved by ensuring that each clus
ter’s size is controlled, aiming to prevent any alteration in data distri
bution. In the second phase, the method employs ensemble learning 
where multiple classifiers are trained on the balanced datasets generated 
from the clusters. This approach enhances the robustness and predictive 
power of the model. The ensemble learning phase mitigates information 
loss by incorporating diverse datasets derived from different clusters.

Soltanzadeh et al. employed a metaheuristic optimization algorithm 
to address both class imbalance and class overlap in imbalanced data
sets. Initially, the method involves separating input data into majority 
and minority classes and then generating an initial population of ma
jority class subsets. These subsets are used to create under-sampled 
datasets that are assessed using a classifier to evaluate their effective
ness based on an evaluation metric. If the datasets are not optimal, the 
process iteratively generates new solutions through a metaheuristic al
gorithm until the termination condition, often a maximum number of 
generations is met. The versatility of the approach is highlighted by its 
adaptability to various metaheuristic algorithms, such as the Artificial 
Bee Colony (ABC), Particle Swarm Optimization (PSO), and Genetic 
Algorithm (GA), among which ABC shows superior performance in ex
periments (Soltanzadeh et al., 2023).

A novel Clustering-Based Noisy-Sample-Removed Under-sampling 
Scheme (NUS) is proposed in (H. Zhu et al., 2024) which addresses 
the challenges of imbalanced classification, which is prevalent in in
dustries such as credit card fraud detection. The method starts by clus
tering the majority class samples and designating the furthest cluster 
center to define a hypersphere. Within this setup, it examines whether 
minority class samples fall inside or outside this hypersphere, identi
fying and removing those outside as noisy. A similar noise removal is 
applied to the majority class. NUS then employs under-sampling, 

reducing the number of majority class samples to balance the dataset 
effectively. This integration of noise removal and under-sampling re
fines the dataset by focusing on high-quality, relevant samples for 
training classifiers.

Under-sampling Based on Minority Class Density (UBMD), developed 
by Sun et al., targets class imbalance by emphasizing the density char
acteristics of minority class samples (Z. Sun et al., 2024). This innovative 
method employs kernel density estimation to meticulously model the 
probability density distribution of the minority class. By doing so, it 
facilitates a focused filtering process that identifies and eliminates ma
jority class samples residing within high-density zones of the minority 
class, thereby mitigating typical information loss associated with 
traditional under-sampling techniques. Additionally, UBMD introduces 
a concept called “sampling fitness”, which assesses the value of each 
majority class sample in terms of richness and relevance, ensuring that 
only the most informative samples are retained. This method enhances 
classification tasks by maintaining the natural distribution characteris
tics of the majority class, effectively preserving critical information and 
improving accuracy. 

• Hybrid methods

According to some papers, a combination of under-sampling tech
niques and SMOTE performs better than using SMOTE solely. The 
combination of SMOTE and Tomek Links is presented in 2004, which 
generates synthetic samples using the SMOTE algorithm and then 
eliminates redundant samples using Tomek Links (Batista et al., 2004). 
SMOTE + Tomek Links reduces class overlap, leading to improved ac
curacy and reduced overfitting compared to SMOTE alone. This method 
tends to perform well on imbalanced datasets where the majority class 
contains noisy or redundant samples. SMOTE-ENN is another method 
that incorporates SMOTE and Wilson’s ENN (Wilson, 1972). In this 
method, the SMOTE algorithm generated synthetic samples in the first 
step. Next, the samples misclassified by their three nearest neighbors are 
eliminated from the training set (Batista et al., 2004). SMOTE-ENN has 
demonstrated substantial improvements in identifying relevant samples 
without sacrificing accuracy, due to its ability to refine synthetic sam
ples and clean up noisy data. It is particularly effective in high- 
dimensional datasets, where noise is a significant issue.

Agglomerative Hierarchical Clustering (AHC) is a hybrid method 
that uses clustering to balance datasets. In this method, the k-means 
algorithm is used to under-sample the majority class samples, and 
agglomerative hierarchical clustering is used to over-sample the mi
nority class samples. AHC gathers the clusters from all levels of the 
resulting dendrograms and interpolates their centroids with the original 
minority samples (Cohen et al., 2006). SPIDER2 is another hybrid 
method that defines two types of samples, noisy and safe ones. Those 
samples which their k-nearest neighbors correctly classify them stay in a 
safe category; otherwise, they are grouped as noisy. Therefore, safe 
samples are easy to classify; meanwhile, noisy ones are hard to be 
labeled; thus, they need special attention. SPIDER employs a cleaning 
method on the majority class samples; then, it balances the distribution 
by over-sampling the minority borderline samples (Stefanowski & Wilk, 
2008).

The authors in (Seiffert et al., 2009) combined two sampling 
methods: a base technique and the second method to complete the 
sampling procedure. They take advantage of three over-sampling tech
niques (ROS, SMOTE (Chawla et al., 2002), and borderline-SMOTE (H. 
Han et al., 2005)) with two under-sampling techniques (random under- 
sampling and Wilson’s editing (Wilson, 1972)). Moreover, using the 
geometric mean criterion reveals that the classifier performs better 
when over-sampling techniques are applied before under-sampling 
methods in most cases. UnderOverBagging or UnderBagging to Over
Bagging method (S. Wang & Yao, 2009) considers combining the over- 
sampling and under-sampling processes. This method applies a resam
pling rate ‘a%’ in each iteration that is ranged from 10 % to 100 % and is 
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the multiple of 10. Hence, training the first classifiers is done with a 
lower number of samples than the last ones. A combination of synthetic 
minority over-sampling technique (SMOTE) and an under-sampling 
based on complementary neural network (CMTNN) is proposed in 
(Jeatrakul et al., 2010). This method tends to enhance the classification 
accuracy toward the rare class by using a combination of over-sampling 
and under-sampling methods. Also, it uses three types of learning al
gorithms, including ANN, SVM, and k-NN.

IIvotes is a bagging-based approach that integrates a rule-based 
ensemble with the SPIDER data level technique. This approach is 
robust to atypical data distributions in the minority classes and can 
automatically find the optimal number of bags (Błaszczyński et al., 
2010). S-RSM (Sampling-response surface methodologies) proposed in 
(Tong et al., 2011) tends to determine the best resampling strategy by 
designing experiments (DOE) and response surface methodologies 
(RSM). This method applies the over-sampling and under-sampling 
methods simultaneously to find an adequate number of samples to 
eliminate from the majority class and duplicate in the minority class. In 
(Y. Liu et al., 2011), the authors first showed that the SVM classifier has 
weaknesses in dealing with imbalanced datasets. Then they proposed an 
ensemble method using SVM classifier and over-sampling and under- 
sampling techniques. The proposed method first over-samples the mi
nority class to provide supplement ary information for the training data 
and then uses under-sampling to avoid overfitting.

Another hybrid technique is proposed in (Ramentol et al., 2012) that 
combines SMOTE as an over-sampling technique and an under-sampling 
technique designed based on rough set theory. Wang proposed a hybrid 
method in (Q. Wang, 2014), which first trains SVM using the imbalanced 
training data and defines the hyperplane; afterward, it removes the 
majority samples that are far away from the hyperplane, assuming they 
have less information. To do over-sampling, it divides the new train set 
into k subsets and uses SMOTE to generate new samples in randomly 
selected subsets. Similarity-based under-sampling and normal distribu
tion based over-sampling method (SUNDO) is presented in (Cateni et al., 
2014). This method is a hybrid approach, including over-sampling and 
under-sampling phases. In the over-sampling phase, the goal is to find 
the places where it is more probable to generate samples there and avoid 
creating new samples near frequent samples. Also, the under-sampling 
phase performs based on detecting irregular data samples. An exten
sion of SMOTE called Iterative-Partitioning Filter (IPF) is suggested in 
(Sáez et al., 2015). IPF filter is added to the SMOTE algorithm to control 
borderline and noisy samples produced after applying SMOTE and 
makes the boundary of classes more consistent. SCUT is a hybrid method 
for multi-class imbalanced data sets that does over-sampling for mi
nority classes first and then applies a cluster-based under-sampling to 
the majority classes (Agrawal et al., 2015). By doing so, both between 
class and within-class imbalance are controlled.

In (Charte, Rivera, del Jesus, et al., 2015), the imbalance issue in 
multi-label data sets is investigated, and one random over-sampling and 
one random under-sampling technique are presented to balance the data 
set. DBSM is another hybrid algorithm consisting of a popular DBSCAN 
based under-sampling method and SMOTE algorithm (Sanguanmak & 
Hanskunatai, 2016). EPRENNID is an evolutionary prototype reduction 
for nearest neighbor classifying of imbalanced data sets. In this method, 
both prototype generation and selection are employed to reduce over
fitting (Vluymans et al., 2016). Mao et al. aimed at designing a hybrid 
method for sequential imbalanced data set in (Mao et al., 2017). Their 
main idea was to preserve the initial data’s sequential distribution 
property after being over-sampled and under-sampled. In their proposed 
method, over-sampling and under-sampling are done based on the ma
jority and minority classes’ confidence regions built using the principle 
curve. In another method (F. Hu et al., 2019), neighborhood density is 
considered to decide whether under-sampling or over-sampling should 
be used in such a way that if the density of majority samples in an area is 
high, under-sampling is applied. Suppose the area has a balanced 
number of majority and minority samples. In that case, SMOTE is used, 

and when the density of minority samples is high in that area, over- 
sampling is employed.

In Ref. (Susan & Kumar, 2019), a hybrid three-step preprocessing 
method is proposed in which first, an under-sampling method is applied 
on the majority class. Afterward, an over-sampling technique is used to 
expand the minority set, and finally, the under-sampling method is 
applied again, but this time to the new minority class. The under- 
sampling technique they used is called subspace optimization, 
designed based on particle swarm optimization algorithm. For over- 
sampling, SMOTE and three other SMOTE-based algorithms are cho
sen. Their intelligent combination of under-sampling and over-sampling 
methods could improve the learning performance in the end. A hybrid 
approach based on the density concept and clustering called Clustering 
and Density-Based Hybrid (CDBH) is proposed in (Mirzaei et al., 2021). 
In the over-sampling process, CDBH first clusters the minority class 
samples using the k-means algorithm, and then it obtains the densities of 
samples in each cluster. To generate the new minority samples, the 
denser minority samples will be chosen more likely by the roulette 
wheel selection operator. In the under-sampling process, the denser 
majority samples will have more chances to be chosen as the majority 
class representative, like the previous stage. In this method, IR will be 
one at the end.

Authors in (Mirzaei et al., 2022) introduced a hybrid sampling 
method called the hybrid sharing-based sampling technique (HSST) for 
classifying imbalanced data. This method applies a criterion called 
sharing score in both under-sampling and over-sampling stages to 
determine the importance of each sample in the feature space. In the 
over-sampling stage of the HSST method, the synthetic samples for the 
minority class are generated by interpolating between the more sparsely 
distributed samples. To under-sample the majority class, the denser 
samples from the majority class are selected to be removed. The binary 
tournament selection operator is used in both stages to perform the 
respective sampling processes based on probabilities. This method en
sures IR becomes one at the end. RN-SMOTE, which stands for Reduced 
Noise SMOTE, is an enhanced hybrid technique that combines the 
Synthetic Minority Over-sampling Technique (SMOTE) with a noise 
reduction process using DBSCAN, a density-based clustering algorithm 
(Arafa et al., 2022). The method unfolds in three critical steps: initially, 
it oversamples the minority class using SMOTE to counteract the 
imbalance; then, it employs DBSCAN to pinpoint and eliminate noisy 
instances from the newly generated samples, addressing the common 
issue of noise introduction by SMOTE; finally, SMOTE is reapplied to the 
cleaned data to ensure the dataset remains balanced. This refined pro
cess not only preserves the diversity of the synthetic samples but also 
significantly enhances the quality of the training data by reducing noise, 
thereby improving the performance of various classifiers.

Dixit et al. introduced SMOTE-TLNN-DEPSO, a novel filtering-based 
over-sampling method for addressing issues in imbalanced classification 
due to noisy and borderline examples (Dixit & Mani, 2023). Traditional 
SMOTE and its variations often struggle with these problems due to their 
sensitivity to noise and difficulty in defining class boundaries. SMOTE- 
TLNN-DEPSO integrates SMOTE for initial synthetic sample genera
tion, then applies a two-layer natural neighbors’ technique (TLNN) for 
error detection without the need for parameter tuning. Instead of 
removing noisy and borderline examples, it employs DEPSO (Differen
tial Evolution and Particle Swarm Optimization), to iteratively optimize 
and correct their attributes. This method not only maintains the 
imbalance ratio but also improves the decision boundary, making it 
particularly effective for datasets with significant noise in class 
attributes.

SMOTENN, introduced by Vairetti et al., is a novel hybrid resampling 
method for handling imbalanced big data classification (Vairetti et al., 
2024). This method integrates both over-sampling and under-sampling 
techniques using a MapReduce framework, improving efficiency by 
performing both processes in a single pass. Specifically, SMOTENN 
combines SMOTE for over-sampling and Edited Nearest Neighbors 
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(ENN) for intelligent under-sampling. Key advantages of SMOTENN 
include its ability to preserve the quality of data while balancing the 
dataset effectively. It defines a neighborhood for each minority class 
sample, where it simultaneously generates synthetic samples and 
removes noisy majority class samples. This integrated approach not only 
addresses the imbalance but also enhances the overall prediction 
accuracy.

There are some papers in imbalanced data set problems that analyze 
data-level methods. For example, authors in (Napierała et al., 2010) 
present an experimental study on the impact of several factors in 
resampling methods in the imbalanced domain. Firstly, they reveal that 
the degradation in the classifier’s performance is highly related to the 
number of borderline samples. In the situations that overlapping regions 
are large enough and at least 30 % of minority class samples are in the 
borderline’s area, focused resampling techniques have superiority over 
random and cluster-based over-sampling techniques. On the contrary, 
while the number of minority samples in borderline areas is small, 
random and cluster-based over-sampling methods sufficiently improve 
the rare class samples’ recognition.

In (Luengo et al., 2011), the effects of preprocessing techniques in an 
imbalanced domain have been analyzed. To do so, three sampling 
methods, including SMOTE (Chawla et al., 2002), SMOTE-ENN (Batista 
et al., 2004) and EUSCHC (S. García & Herrera, 2009) have been chosen. 
The paper reveals that the imbalanced ratio is not enough to measure the 
data complexity. Finally, the authors present two precise and straight
forward rules to demonstrate suitable and unsuitable datasets for using 
the noted three methods. They consider intervals of data complexity 
measures’ values for every dataset in which C4.5 and PART perform 
good or bad. Accordingly, the first rule is that good behavior for C4.5 
and PART is achieved by an average high test AUC in the interval 
without overfitting. On the other hand, the second rule expresses that 
bad behavior occurs when there is overfitting and/or average test AUC is 
low in the interval. Also, they reveal that employing Fisher’s Discrimi
nant Ratio for measures of overlaps in feature values from different 
classes leads to achieving satisfactory results.

The work in (Kovács, 2019a) conducts a comprehensive comparison 
of 85 different over-sampling methods applied to 104 datasets with 
imbalanced class distributions. The aim of this work is to establish a new 
baseline in the field, identify the over-sampling principles that lead to 
the best results across general circumstances, and also provide guidance 
to practitioners on which over-sampling techniques are most suitable for 
use with particular types of datasets. Analyzing the performance of the 
different operating principles of over-sampling techniques can provide 
valuable insights that can guide and accelerate the development of new 
and improved over-sampling methods, by identifying the most suc
cessful principles.

5. Benchmarks, Software, and toolboxes

In this section, the frequently used data repositories are presented, 
and then some popular software and toolboxes are introduced.

5.1. Imbalanced benchmark data sets

In literature, the most widely used imbalanced data sets come from 
the KEEL repository (http://www.keel.es/). There are 145 data sets, 
including binary class data sets, multi-class data sets, some synthetic 
data sets with noisy and borderline samples (Napierała et al., 2010), and 
some preprocessed data sets. Also, the partitioned data sets using the 5- 
folds cross-validation procedure are available on this website. The 
imbalance ratio ranges from 1.8 to 100.4 for binary class and from 1.5 to 
853 for multi-class data sets. To use the partitioned data sets efficiently, 
we have built a MATLAB data file including all binary class and multi- 
class data sets and provided a code to read from this file at https://gi 
thub.com/Bahar-nkr/KEEL-imbalanced-data-sets.

Another well-known repository used for imbalanced learning 

experiments is the UCI Machine Learning Repository (https://archive. 
ics.uci.edu/). There are 476 data sets in this repository, but they are 
not specifically imbalanced. Most of the time, either some classes of each 
data set are merged and considered as one class, or some classes are 
selected, and the samples of other classes are ignored so that the final 
data set is imbalanced.

Also, an imbalanced data set presented on the Kaggle website is the 
Credit Card data set, and the goal is to detect fraud using that. This data 
set includes credit card transactions in September 2013 in Europe (Dal 
Pozzolo et al., 2014) and is highly imbalanced with an imbalance ratio of 
0.0017. Also, the number of samples and features in this data set is 
284,807 and 28, respectively. Kaggle’s website has other imbalanced 
data sets, including Hmeq and Promotio as well. Other imbalanced data 
sets are used in literature, such as DNA microarray data (H. Yu et al., 
2013); however, they are not widespread and broadly used in imbal
anced learning.

5.2. Software and toolboxes

In addition to the data repository, KEEL has an open-source software 
tool with the same name containing many algorithms for different data 
mining objectives (Triguero et al., 2017). One of the sections of this 
software is dedicated to imbalanced learning, and there exist several 
popular data-level algorithms that can be easily used. A complete set of 
statistical procedures are provided in this software, including para
metric and nonparametric tests, to compare the algorithms pairwise (S. 
García et al., 2010). WEKA (Waikato environment for knowledge anal
ysis) is another data mining software that includes some preprocessing 
techniques in the imbalanced domain as well (https://www.cs.waikato. 
ac.nz/ml/weka/). Both KEEL and WEKA are java-based and free, open- 
source software. Moreover, they are multi-platform, which means they 
can be used in Windows, Mac, and Linux and have a graphical user 
interface.

In python, a toolbox called Imbalanced-learn has been presented, 
offering several sampling methods commonly used in the imbalanced 
learning field (Lemaître et al., 2017). To boost applications and ad
vancements in the field of imbalanced learning, the package smote- 
variants provides a python implementation of 85 over-sampling 
methods (Kovács, 2019b). This package provides multi-class compat
ible with 61 of the implemented binary over-sampling methods. It also 
includes a model selection framework that makes it easy to find the 
suitable over-sampling method for a specific dataset. Moreover, a vari
ety of cross-validation and evaluation functionalities are provided to 
make using the package easier. The examples, documentation, and 
source code are available at https://github.com/gykovacs/smote_v 
ariants/.

For R programming language, several packagers, such as ROSE (Rose 
et al., 2015), DMwR (Torgo & Torgo, 2013), unbalanced (Andrea et al., 
2015), and CRAN, are created that include most of the practical and 
popular data-level methods. Moreover, many functions are publicly 
available in the MATLAB environment simulating data level approaches 
in the imbalance field. A software named Multi-Imbalance was recently 
developed in 2018 for multi-class imbalanced data classification (C. 
Zhang, Bi, et al., 2019). This software is developed in MATLAB and 
contains several preprocessing methods for the multi-class category of 
imbalanced data sets.

6. Performance evaluation

Evaluation criteria are essential for assessing predictive model per
formance, guiding the design and selection of machine learning algo
rithms. Typically, the process involves training a model, testing it on 
unseen data, and comparing predictions with actual outcomes. For 
classification problems, this means comparing predicted and true labels. 
These criteria also assist in selecting suitable model types and pre
processing methods, enabling researchers to experiment with various 
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models and identify the most effective one based on measured results (Y. 
Sun et al., 2009).

6.1. Taxonomy of evaluation metrics

Standard evaluation criteria, like classification accuracy, are widely 
used to assess predictive models and are effective for many applications. 
However, their reliability depends on the assumptions they make about 
the problem and what is considered important. Choosing the right 
metric requires aligning with project goals and stakeholder priorities. 
This selection becomes particularly challenging in imbalanced class 
distributions, where standard criteria may become unreliable or 
misleading, especially with extreme imbalance ratios (H. He & Ma, 
2013). Standard evaluation criteria can produce sub-optimal classifica
tion models and misleading results when applied to imbalanced data, as 
they lack sensitivity to the challenges posed by imbalanced domains 
(Branco et al., 2015).

Imbalanced data classification often requires specialized evaluation 
criteria that prioritize the minority class, unlike standard criteria that 
treat all classes equally. Selecting appropriate metrics is challenging due 
to the limited examples from the minority class, which can hinder the 
training of effective models (Branco et al., 2015).

In 2018, Brzezinski et al. introduced a specialized visualization 
approach using a barycentric coordinate system and a 3D tetrahedron to 
analyze evaluation measures comprehensively. They adapted this 
technique for imbalanced data and proposed key properties to consider 
when evaluating classification performance. Their method highlights 
potential issues, such as inappropriate parameter settings for the 
Fβ-score that can favor the majority class in imbalanced tasks. An online 
tool accompanies this approach, enabling users to analyze predefined 
and custom measures effectively (Brzezinski et al., 2018).

In another paper, Brzezinski et al. emphasize the importance of 
considering class proportions when interpreting evaluation measures. 
For instance, the F1-score, which represents the harmonic mean of 
precision and recall, can be misleading in imbalanced datasets. An 
F1-score of 0.7 may indicate good performance in balanced data but 
becomes much harder to achieve in cases of severe imbalance. This 
highlights the need for careful selection and interpretation of metrics 
that accurately reflect model performance across different imbalance 
ratios (Brzezinski et al., 2020).

In 2021, Stapor et al. critically analyzed evaluation methodologies 
for machine learning classifiers, identifying flaws in protocols and sta
tistical methods that often produce unreliable results. They pointed out 
issues like improper cross-validation, biased metrics, and misapplied 
statistical tests. To improve evaluation reliability, they advocated for 
balanced metrics like the F1-score for imbalanced data, robust cross- 
validation techniques, representative datasets, and non-parametric sta
tistical tests like the Wilcoxon signed-rank test. They also emphasized 
transparency in reporting results and proposed independent evaluation 
platforms to ensure unbiased assessments, ultimately enhancing the 
credibility of classifier evaluations (Stapor et al., 2021).

Evaluation criteria for predictive models can be broadly categorized 
into two types: threshold metrics and ranking metrics, with a wide va
riety of measures available (Ferri et al., 2009; H. He & Ma, 2013). This 
categorization highlights the diversity of metrics that need to be 
considered to accurately assess model performance under different 
circumstances.

A. Threshold metrics: Threshold criteria are criteria that quantify 
the amount of classification prediction error. These criteria determine 
the fraction, ratio, or rate of times that predictions differ from the ex
pected values (Ferri et al., 2009). Accuracy can be considered as the 
most widely used threshold criterion for classification problems: 

Accuracy =
NumberofCorrectPredictions
NumberofTotalPredictions

(2) 

While classification accuracy is commonly used, it is unsuitable for 
imbalanced data, as even a no-skill model can achieve high accuracy by 
predicting only the majority class. Most threshold metrics are derived 
from the confusion matrix, which provides detailed insights into a 
model’s performance, including correctly or incorrectly predicted clas
ses and error types. The confusion matrix for a two classes classification 
problem (binary) is presented in Fig. 2.

This does not mean that the metrics are limited for binary classifi
cation; it is just an easy way to understand what is being measured 
quickly. The confusion matrix returns four values, including true posi
tives (TP), true negatives (TN), false positives (FP), and false negatives 
(FN), which are explained in the following: 

o TP: The number of positive samples that are classified as a positive 
class correctly.

o TN: The number of negative samples that are classified as a negative 
class correctly.

o FP: The number of negative samples that are classified as a positive 
class incorrectly.

o FN: The number of positive samples that are classified as a negative 
class incorrectly.

Further, other criteria can be obtained from the confusion matrix to 
measure the performance of the classifier in both positive and 
negative classes: There are two groups of metrics (sensitivity–speci
ficity and precision-recall) that focus on one class; thus, they may be 
useful for imbalanced classification problems (Branco et al., 2015).

⁶ Sensitivity-Specificity Metrics:
• Sensitivity: It is also called TPR (True Positive Rate), which in

dicates the classifier’s ability to identify positive class instances 
correctly with a value in range 0 to 1, and is defined as: TP

TP+FN
• Specificity: It is also called Selectivity or TNR (True Negative Rate), 

which indicates the classifier’s ability to identify negative class in
stances correctly with a value in range 0 to 1, and is defined as: TN

TN+FP

In imbalanced classification, sensitivity is often more informative 
than specificity. Combining both, the geometric mean (G-Mean) is a 
widely used metric that evaluates a classifier’s ability to balance 
performance across minority and majority classes by correlating 
sensitivity and specificity, ensuring balanced accuracy (Branco et al., 
2015). In this way, G-mean’s low value indicates that the classifier is 
highly biased towards one of the classes, and a high value of G-mean 
means the classifier is predicting two classes well enough. G-mean is 
defined as follows:

G − mean =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Sensitivity × Specificity2

√
(3) 

⁶ Precision-Recall Metrics:
• Precision: It is also called PPV (Positive Predictive Value), which 

indicates the classifier’s ability to avoid misclassifying negative class 
instances as the positive class, and is defined as: TP

TP+FP
• Recall: It is also called TPR (True Positive Rate), which indicates the 

classifier’s ability to identify positive class instances correctly with a 
value in range 0 to 1, and is defined as: TP

TP+FN. Recall has the same 
calculation as sensitivity.

It is also possible to combine precision and recall and create a 
widespread criterion that considers both concerns simultaneously, 
called the F1-score. F1-score takes advantage of a harmonic mean be
tween precision and recall (Hazim Obaid et al., 2024). The F1-score, as 
the harmonic mean of precision and recall, ensures both are reasonably 
high. Precision measures the percentage of correct positive predictions, 
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while recall reflects the proportion of actual positive cases identified. A 
low F1-score indicates an imbalance between precision and recall, where 
one is sacrificed for the other (Branco et al., 2015). Correspondingly, a 
high F1-score will be achieved when both precision and recall are high: 

F1 − Score =
2

1
Precision +

1
Recall

=
2 × Precision × Recall

Precision + Recall
(4) 

There is an abstraction of the F1-score called the Fβ-score, where the 
balance of precision and recall is controlled by a coefficient called Beta: 

Fβ − score =
(1 + β2) × Precision × Recall
(β2 × Precision) + Recall

(5) 

Ease of understanding and implementation can be considered as the 
essential advantages of the threshold metrics. The limitation of these 
metrics is that they assume the class distribution observed in the 
training dataset matches the test set’s distribution. Although this is 
often the case, the performance can be quite misleading if not (H. He 
& Ma, 2013).

B. Ranking Metrics: Ranking metrics, the second category of evalu
ation criteria, are crucial for scenarios where accurately separating 
classes is highly important (Ferri et al., 2009). These metrics are suitable 
for classifiers that predict class membership scores or probabilities. 
Different thresholds can be applied to evaluate performance, with 
models that score well across a broad range of thresholds demonstrating 
good class separation and thus being ranked higher (Fernández, García, 
Galar, et al., 2018b). ROC curve and PR curves are known as the most 
popular ranking metrics. 

• ROC Curve: ROC (Receiver Operating Characteristic) summarizes a 
binary classifier’s ability to distinguish classes by plotting the true 
positive rate versus the false positive rate at various threshold values. 
Each point on the curve represents the ratio for a specific threshold. 
The X-axis represents the false positive rate, and the Y-axis represents 
the true positive rate. A no-skill classifier is shown as a diagonal line, 
with any point below it performing worse than an unskilled classi
fier. An ideal classifier is represented as a point at the top left (Ferri 
et al., 2009) (Fig. 3).

The ROC curve is used to assess a single classifier, but comparing 
multiple classifiers is challenging unless one consistently out
performs the other. Hence, the area under the ROC curve (AUC) is 
used to measure performance, with an AUC of 0.5 indicating no skill 
and 1.0 representing a perfect classifier (Ferri et al., 2009).

• PR Curve: The Precision-Recall (PR) curve is an alternative to the 
ROC curve, focusing on the minority class. It plots precision (y-axis) 
and recall (x-axis) for different thresholds, with each point repre
senting the precision-to-recall ratio. An unskilled classifier is shown 
as a horizontal line, with precision proportional to the minority class 
instances, while a perfect classifier is at the top right of the graph 
(Ferri et al., 2009) (Fig. 4).

Similar to the ROC curve, the PR curve evaluates a single classifier’s 
performance, but comparing multiple classifiers can be difficult. 

Therefore, the PR AUC (Area Under the Curve) is used to compare 
classifiers, especially in imbalanced classification problems, as it 
focuses on the minority class.

Other metrics are less widely used, such as probabilistic metrics 
(Ferri et al., 2009) and visual-based metrics (Brzezinski et al., 2018). 
Selecting the right evaluation criteria is crucial for designing classifi
cation models (Ferri et al., 2009). With many criteria available, choosing 
the right one depends on the problem type, classification purpose, and 
class importance. Fig. 5 summarizes the proposed criteria and their 
applications.

Predicted Positive Predicted Negative

Actual Positive True Positive (TP) False Negative (FN) 

Actual Negative False Positive (FP) True Negative (TN)

Fig. 2. Confusion matrix for a two-class problem.

Fig. 3. The ROC Curve of Prefect, Skillful, No Skill, and Worse than No 
Skill Classifiers.

Fig. 4. The PR Curve of Prefect, Skillful, No Skill, and Worse than No 
Skill Classifiers.
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7. Challenges and future trends

In recent years, several papers such as (V. García et al., 2012; López 
et al., 2013; Orriols-Puig & Bernadó-Mansilla, 2009) present imbalance 
class distribution as the most obvious factor of significant performance 
loss in imbalanced classification problems. For binary class problems, an 
imbalance ratio, which presents the amounts of inequality between 
classes, is defined as the proportion of the majority class size to the size 
of the minority class. This kind of inequality is mainly known as the 
between-class imbalance, and it can be in the range of 1:10,000 (H. He & 
Shen, 2007; Kubat et al., 1998).

Although experimental studies demonstrate that the inequality be
tween classes’ distribution is the main factor in deteriorating classifi
cation performance, other factors affect classifier’s modeling in 
detecting rare events (Batista et al., 2004; Haixiang et al., 2017; López 
et al., 2013; Y. Sun et al., 2009). Other practical facts, including small 
disjuncts, lack of density, noise, dataset shift, class overlapping, 
imperfect data, imbalanced big data, and imbalanced image classifica
tion, influence classification’s performance and need to be considered in 
the imbalanced domains to get better results. These factors are explained 
below: 

• Small Disjuncts: in classification problems, there is a situation 
where a class consists of several subclasses or subclusters. This 
within-class imbalance happens when samples of a class are gathered 
from different subconcepts (Jo & Japkowicz, 2004). These subcon
cepts, known as the small disjuncts, do not always have the same 
number of examples (Datta et al., 2017; Napierala & Stefanowski, 
2016; Prati et al., 2004b; Ramyachitra & Manikandan, 2014; Weiss, 
2010). Small disjuncts problems deteriorate the classification pro
cedure since within-class subconcepts are implicit in most cases and 
increase the learning concept’s complexity (Y. Sun et al., 2009). To 
deal with the small disjuncts problem in sampling methods, identi
fying these subclasses in the dataset by taking advantage of clus
tering methods before tending to equal the class distribution could 
achieve better results (Douzas et al., 2018). Also, various solutions 

have been proposed in the literature (Fernández, García, Galar, et al., 
2018b) to reduce the problem of small disjuncts, the most important 
of which are as follows:

a. Obtaining more training data: Those poorly represented classes 
may create small disjuncts, especially in the minority class. By 
achieving the new data in under-represented regions, the problem 
can be reduced.

b. Use adequate inductive bias: To avoid introducing the artificial 
small disjuncts created by a mismatch between the algorithm bias 
and the data at hand, richer inductive bias can solve the problem.

c. Using more appropriate metrics: Selecting appropriate metrics can 
identify disjuncts correctly in the presence of noisy samples or when 
class overlapping exists. Another possible solution is employing 
different metrics independent of class imbalance.

d. Better control pruning: If pruning parameters are determined 
correctly, an appropriate trade-off between disjunct sizes and clas
sification performance can be established. By selecting a strong 
pruning technique, most small disjuncts will be removed by gener
alizing the classification rules. That is while without considering 
pruning, the likelihood of smaller disjuncts will be highly increased.

e. Using ensembles: Up to now, various ensemble algorithms have 
been proposed to solve the problem of class imbalance. Since en
sembles are based on integrating classifiers’ output, small disjuncts’ 
disadvantages may be averaged out by applying ensembles.

• Lack of Density: the lack of density or insufficiency of information 
in the training data is one of the most common challenges in classi
fication when the dataset size is not big enough (Krawczyk, 2016; 
Raudys & Jain, 1991; Stefanowski, 2015). The lack of density causes 
the induction algorithms not to have enough information about the 
data distribution to generalize its model. However, it becomes a 
more severe problem when the data is high dimensional and 
imbalanced (Wasikowski & Chen, 2010). In the imbalanced data 
classification with a fixed imbalanced ratio, the classifier’s perfor
mance is directly related to the dataset’s size, i.e., as the size of the 
dataset increases, the classifier’s performance becomes better. 
However, if the dataset’s size is not large enough, the classifier may 

Fig. 5. Guide to choosing the appropriate criteria for evaluating imbalanced data classifiers.
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not generalize data characteristics. Moreover, the classifier could 
overfit the training data, with an undesirable performance in testing 
samples (Raudys & Jain, 1991). Increasing dataset size means 
increasing information, and more information helps the algorithm 
build its model more accurately, so it helps the classifier detect rare 
events better (Japkowicz & Stephen, 2002).

• Noise: in the class imbalanced problems, noise has a more significant 
impact on rare classes, i.e., as the minority class contains fewer 
samples, less noisy patterns are needed to impact the classifier’s 
performance over them (Krawczyk, 2016; Rivera, 2017; Weiss, 
2004). Furthermore, minority class examples may be identified as 
noise by the learning algorithm, but noise could also be considered 
minority class examples since both are rare in the dataset (Beyan & 
Fisher, 2015). There are two kinds of noise in the literature: a feature 
(or attribute) and class noise. Class noise is generally supposed to be 
more detrimental than attribute noise in machine learning (Frénay & 
Verleysen, 2014). Feature noise affects the observed values of fea
tures, whereas class noise changes the observed class values (e.g., 
changing the label of a minority class sample to the majority class 
label). An experimental study in (Khoshgoftaar et al., 2011) shows 
the benefits of bagging methods without replacement in such cases 
and recommends applying noise reduction techniques before boost
ing approaches. Also, in Ref. (L. Ma & Fan, 2017), authors have 
utilized clustering to identify noise samples before over-sampling.

• Dataset Shift: the situation where training and test samples pursue 
different distributions is known as the data set shift problem (Alaiz- 
Rodríguez & Japkowicz, 2008; Fernández et al., 2011; Several, 
2010). Dataset shift can be divided into three types (Fernández, 
García, Herrera, et al., 2018):

a. Prior Probability Shift: It happens when the training and test sets 
have a different class distribution. This problem can be directly 
investigated by applying a stratified cross-validation scheme, such 
that both sets include the same number of samples per class.

b. Covariate Shift: It happens when the input attribute values’ distri
butions are different among the training and test sets. This problem 
mainly occurs when the data is partitioned for validation purposes. 
The stratified k-fold cross-validation is the most used procedure for 
this task causing this kind of induced dataset shift as it shuffles the 
samples between the different folds randomly.

c. Concept Shift: It happens when the relationship between the input 
and class variables changes. This problem, which is usually known as 
“Concept Drift” in specialized literature, represents the most formi
dable challenge between the different kinds of dataset shift.

Dataset shift can influence all kinds of classification problems, and it 
appears because of sampling selection bias issues. Dataset shift is 
widespread in imbalanced domain issues due to the unequal number of 
samples in different classes. In datasets with a high value of the imbal
anced ratio, due to the low number of examples in minority class, it is 
more sensitive to the singular classification errors (Batuwita & Palade, 
2013). 

• Class Overlapping: although the main goal in the imbalanced 
domain is to induce the learning algorithm to separate rare events 
from the relevant ones correctly, it would not be challenging if 
classes are discriminative enough from each other. However, several 
papers reveal that the class overlapping diminishes the classification 
performance more than class imbalance (Batista et al., 2005; V. 
García et al., 2006, 2007; Prati et al., 2004a; Wilk et al., 2016; Xiong 
et al., 2010). Moreover, based on the conducted experiments by re
searchers, using the learning algorithm C4.5, this claim that when 
the class overlapping is more extensive, a class imbalance has a more 
substantial influence in degrading the performance of the induced 
classifier is supported. Thus, different class overlapping levels in 
some feature spaces make it hard for the classifier to induce its 
discriminative rules. The most popular metric used to calculate the 

degree of overlap for a given dataset is the maximum Fisher’s 
discriminant ratio, known as F1-measure, or simply F1 too (Ho & 
Basu, 2002). Note that it should not be confused with the F1-score 
performance metric. This metric can be obtained for every individual 
feature (one dimension) as follows:

F1 − Measure =
(μ1 − μ2)

2

σ2
1 − σ2

2
(6) 

where μ1, μ2, σ2
1, σ2

2 are the means and variances of the two classes, 
respectively. Lastly, the maximum value for all features is considered as 
F1. A small value for the F1 metric means that the dataset has a high 
degree of overlapping. To deal with the issue mentioned above, several 
authors have suggested taking advantage of sampling techniques in the 
pre-processing step. Conversely, many papers have revealed that sam
pling might not be enough to solve class overlapping problems. The 
studies have pointed out that as the class overlapping happens due to 
irrelevant and redundant features, feature selection techniques could be 
an excellent way to deal with this issue. The relationship between the 
overlapping and class imbalance problems and the performance and 
complexity of learned models has been investigated in (Denil & Trap
penberg, 2010). 

• Imperfect Data: one of the prevalent problems in real-world appli
cations is imperfect data. Some problems related to data imperfec
tion contain incompleteness, imprecision, inconsistency, and 
uncertainty. These problems occur for many reasons, including 
inadequate data transcription, faulty sensors, data collection errors, 
unreliable data acquisition or transmission sources, and the lack of 
data representation standards (Fernández, García, Galar, et al., 
2018b). When dealing with imperfect and imbalanced data, possible 
disadvantages are two-fold: Firstly, the methods presented to 
confront imbalanced data may reduce their performance because of 
the bad quality of data. Secondly, the performance of methods to 
deal with imperfect data may be influenced by imbalanced data. 
Traditionally, class imbalance and data imperfection are treated 
distinctly. However, there are few attempts with imbalance and 
imperfection jointly. For example, Ref. (Sowah et al., 2016) presents 
data clustering integrated with under-sampling to identify spurious 
data points.

• Imbalanced Big Data: due to generating massive amounts of in
formation by modern systems, practical solutions must be developed 
for processing them computationally effective. The class imbalance 
affects big data, which causes increasing the challenge in the 
learning systems. Increasing the data volume can lead to prohibiting 
the existing methods, and the nature of the problem can lead to 
additional difficulties. Big imbalanced data can be created by 
different specific areas such as social networks or computer vision, 
which forces us to work with specific kinds of data, including graphs 
and tensors or video sequences. As a result, in addition to being 
scalable and efficient, the algorithms should handle heterogeneous 
and atypical data (Krawczyk, 2016). Some research works investi
gate the relationship between classification complexity and class 
imbalance. For example, the authors in (Weng & Poon, 2006) employ 
data complexity measures to obtain insights about a data level 
technique’s behavior according to data projection in two text clas
sification tasks. Also, Luengo et al. (Luengo et al., 2011) investigated 
the relationship between the Fisher discriminant ratio with the class 
imbalance ratio and the classifiers’ performance with and without 
treatment for class imbalance.

• Imbalanced Image Classification: an emerging and important area 
of research within imbalanced data classification is the imbalanced 
image classification. This area presents unique challenges due to the 
nature of image data and the limitations of traditional over-sampling 
techniques like SMOTE when applied to images. For example, 
SMOTE-based approaches are often ill-suited for handling image 
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data, because they generate synthetic samples by interpolating be
tween existing ones, which can lead to unrealistic and noisy images 
that do not align well with the original data distribution (Buda et al., 
2018; Dablain et al., 2023; Douzas & Bacao, 2018).

Recent research has begun to address these challenges using 
advanced techniques such as Generative Adversarial Networks (GANs). 
GAN-based methods have shown promise in generating realistic syn
thetic images that can help balance the class distribution without 
introducing significant noise (Douzas & Bacao, 2018; Goodfellow et al., 
2014; Mariani et al., 2018). The work by Buda et al. (Buda et al., 2018) 
highlights the effectiveness of such techniques in improving the per
formance of classifiers on imbalanced image datasets.

Moreover, other innovative approaches include data augmentation 
techniques tailored for image data and the use of deep learning models 
that inherently handle class imbalance by learning robust feature rep
resentations. These methods are crucial as they open new avenues for 
effectively tackling the imbalanced image classification problem, which 
is increasingly prevalent in fields such as medical imaging, autonomous 
driving, and facial recognition (Esteva et al., 2017; Shorten & Khosh
goftaar, 2019).

By considering the problems above, it can be concluded that 
although between-class imbalance appears to be the most problematic 
issue, these factors should not be overseen because sometimes imbal
ance is not the main problem. For example, data sets in which classes 
have small disjuncts confront the problem with classic data-level 
methods such as SMOTE as they may generate samples in the other 
classes’ regions. Hence, future researchers should pay more attention to 
such problems rather than just balancing the data or finding redundant 
and useful samples. It is clear that data sets are different from different 
aspects, such as the distribution of classes or the way samples are located 
in each class and the sample number of classes; therefore, the pre
processing method for each data set should be different.

It appears that by clustering, the locality of each sample can be 
considered more, which provides more information for data generation 
or reduction. That is why methods are tending to be cluster-based and 
partly-inclusive. However, most of the clustering algorithms have some 
parameters to tune. The number of clusters should be predefined, so 
clustering techniques that overcome this problem can be helpful to have 
improvement. Another issue to point out is that recently, the deep 
learning field has become very prevalent in most fields, and it has been 
shown that imbalanced data has a negative effect on such methods. As a 
result, it should be considered, and new methods should be designed to 
be employed in this field (Buda et al., 2018). The field of deep learning 
has made significant strides in addressing the challenges associated with 
imbalanced data. Innovative techniques such as GANs for synthetic data 
generation (Mariani et al., 2018), modified loss functions (T. Y. Lin et al., 
2020), and cost-sensitive learning (S. H. Khan et al., 2018) have been 
particularly impactful. These advancements have enhanced the capa
bility of deep learning models to handle class imbalance, leading to 
improved performance and robustness in various applications. Future 
research should continue to explore and refine these methods.

Moreover, the application of data augmentation in imbalanced 
learning remains an area of active research. Recent literature, such as 
(Chen et al., 2024; Johnson & Khoshgoftaar, 2019; A. A. Khan et al., 
2024) provide detailed explorations of the latest augmentation methods, 
highlighting their effectiveness in improving deep learning performance 
on imbalanced datasets. These studies underscore the growing impor
tance of data augmentation in imbalanced learning and point to it as a 
promising area for future research.

Today, most data samples belong to more than one label. Such data 
sets are called multi-label, and class imbalance happens in them as well. 
It can be another future research field as it is an important issue, and 
there is a minimal amount of research on it.

In our discussion of challenges and future trends in imbalanced data 
classification, several issues overlap with those identified by Krawczyk 

(Krawczyk, 2016). Both works identify the impact of lack of density, 
noise, class overlapping, and imbalanced big data. However, our work 
also highlights additional challenges such as small disjuncts, dataset 
shift, imperfect data, imbalanced image classification, and imbalanced 
problems in the deep learning field. Recognizing these additional chal
lenges is crucial for advancing the field of imbalanced data classification 
and addressing the complexities of modern data environments.

Since Krawczyk’s 2016 paper, the challenges associated with 
imbalanced image classification and imbalanced problems in the deep 
learning field have gained significant attention. While Krawczyk iden
tified critical challenges in imbalanced data learning, the increased 
focus on deep learning and image classification in recent years high
lights the growing importance and unique challenges of these domains.

8. Conclusion

In imbalanced data sets, samples are unequally distributed among 
the classes, which causes problems for classical classifiers. There are 
many methods proposed to deal with this problem, a group of which is 
data level approaches. In this paper, we aimed at reviewing these 
methods. We first presented some critical applications of imbalanced 
learning to highlight the essence of working in this field and showed 
how prevalent this problem is in the real world. Then, we proposed 
several categorizations from different perspectives for data-level 
methods, including balancing perspective, interaction with the 
learning algorithm perspective, class perspective, inclusiveness 
perspective, resampling in ensembles perspective, and deep learning 
methods. We elaborated each category in detail afterward. Subse
quently, we reviewed the recently proposed and state-of-the-art data- 
level methods from a balancing perspective as it is the most common 
categorization in the literature. Also, we presented the related data sets 
and toolboxes and the evaluation criteria that are essential for re
searchers for doing experiments. In the end, we discussed the present 
challenges, which makes dealing with imbalanced data sets even more 
difficult, and future trends for researchers to pursue.
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Kovács, G. (2019a). An empirical comparison and evaluation of minority oversampling 
techniques on a large number of imbalanced datasets. Applied Soft Computing Journal, 
83, Article 105662. https://doi.org/10.1016/j.asoc.2019.105662
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