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Abstract
The Synthetic Minority Oversampling Technique (SMOTE) has emerged as an effective and commonly used method for
addressing class imbalance in machine learning modeling. This survey investigates the statistical variations of SMOTE,
highlighting its enhancement types and techniques. Examining the statistical variants of SMOTE, specifically how synthetic
instance production affects model performance, bias, overfitting, and generalization are the main ones. The research also
emphasizes recent improvements, such as selection- and adjustment-based approaches. Overfitting, high-dimensional data,
and generalization concerns are all covered. This survey provides an in-depth review of the usefulness and limitations of
statistically based SMOTE and advises researchers and practitioners on selecting and customizing SMOTE techniques for
specific datasets.

Keywords SMOTE · Statistical-based · Selection · Adjustment · Distribution · Overfitting · Generalization

1 Introduction

The learning process plays a predominant role in effec-
tively handling the imbalanced dataset as it assists experts
in designing, endorsing, and implementing reliable models
throughout several class distributions. Different examples
from the real world have an imbalanced dataset [1–3], which
includes two kinds of classes: minority class and major-
ity class. The number of instances in the minority class is
much smaller than in majority class, which generated a com-
plication in selecting the appropriate classifiers in machine
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learning. Many solutions to the class imbalance problem
were introduced earlier based on the data level [3] or the
algorithmic level [4, 5]. The data level is based on the
resampling technique, which includes two approaches: over-
sampling the minority group or undersampling the majority
group. While oversampling focuses on increasing the num-
ber of instances in the minority class by generating synthetic
instances or replicating the existing ones, undersampling tar-
gets to reduce the number of instances in the majority class
by randomly removing the existing samples. It is important
to note that the oversampling and undersampling techniques
have faced challenges, such as overfitting or deleting several
important instances. Numerous studies have shown that over-
sampling outperforms the undersampling technique [6–8].
Therefore, integrating the appropriate resampling methods
will guarantee a better capture of the underlying patterns
in an imbalanced dataset. The algorithmic level is based on
forcing the classifier to consider theminority class during the
training process by assigning the imbalanced weights for the
majority and minority classes. The algorithmic level is out
of the scope of this paper.

Synthetic Minority Oversampling Technique (SMOTE)
[1] is the most well-known oversampling technique to
address class imbalance in datasets by utilizing feature space
relationships between instances of the minority class. The
SMOTE method concentrated on the region near the minor-
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ity class by generating the synthetic instances along the line
between the minority instance and its nearest neighbors of
the same class. Since the inception of this method, many
studies and research have been published to improve and
modify this method considering different points of view
to enhance its functionalities in various contexts. Consid-
ering the statistical-based strategy to investigate the SMOTE
variant methods draws attention to identify and assess their
usefulness in handling class imbalance by considering the
characteristics of the data such as distance from the decision
boundary, density, noise, the qualities of the feature space,
determining the number of nearest neighbors and the degree
of oversampling. This paper studies different SMOTE vari-
ant methods from the statistical-based approach. Moreover,
a deeper investigation of how these methods combine with
the characteristics of the data will improve the resilience and
efficient methodologies to manage the unbalanced dataset.

This paper is organized as follows: This section introduces
the distinction and the research methodology. Section 2 rep-
resents a general overview of SMOTE. Section 3 presents the
statistical SMOTE variants methods from different points of
view. A detailed discussion is presented in Sect. 4. Finally,
the conclusion and future work are shown in Sect. 5.

1.1 Distinction

Between 2018 and 2024, different researchers discussed
the SMOTE variant methods from different perspectives
and assessed their efficiency in various fields. However, a
comprehensive review of statistical-based SMOTE enhance-
ments, specifically targeting selection- and adjustment-based
methods, has been lacking. Therefore, this paper pro-
vides a novel categorization of statistical SMOTE variants,
systematically classifying them into selection-based and
adjustment-based approaches. A comprehensive evaluation
of the developed SMOTE versions was presented in terms
of both the enhancements made to the weakness found in
the original concept, such as the interpolation technique,
data overlapping, noise, and insufficient data, and its pos-
sible use for more challenging prediction issues [9]. This
study notably lists several SMOTE extensions from two per-
spectives: Data destiny modifications and their adaptations
to different applications. The methods reviewed in this paper
were investigated from different viewpoints, such as how
to initially select minority instances, investigate the filtering
procedure, and present the new techniques of interpolation.

Recently, the development of SMOTE variant algorithms
has been classified by [10] into many groups according to
the goal and area of solving problems in different domains.
In this paper, clustering issues, choosing minority samples,
adjusting the dimensionality, and handling noise instances
were presented from different points of view and their impact
on improving outcomes related to the imbalanced dataset.

A comparison of several SMOTE variation methods that
improved the accuracy of minority class classification and
assessed their performance in various fields was presented
by [11]. Moreover, they conducted a comparison between
the SMOTE method and other methods that handled the
imbalanced dataset, such as random oversampling, random
oversampling examples (ROSE), and minority class weight-
ing by presenting their advantages and impacts in this field
[11].

The previous studies presented in this section addressed
the performance of SMOTE variations by reviewing tech-
niques to enhance the classification efficiency of minor-
ity datasets and examining the measurement strategies
employed to evaluate the effectiveness of the SMOTE
method. Further investigations are essential by considering
data characteristics.

Data characteristics encompass specific aspects or qual-
ities of a dataset that are predominant in how well various
SMOTE variants perform. It is crucial to comprehend these
features, since they are used to identify the SMOTE vari-
ations that may be best suited to correct the disparity
while maintaining data quality. This study investigates the
SMOTE variant methods from the statistical-based view-
point: selection-based and adjustment-based. Further details
are presented in the later subsections. Another key distinction
of this paper is its emphasis on post-2020 SMOTE variants,
which introduce advanced statistical frameworks for more
adaptive and data-driven oversampling strategies. This paper
systematically examines these newer contributions, position-
ing them within the broader landscape of SMOTE research,
and highlighting their impact on imbalanced learning. By
addressing both the evolution of statistical-based SMOTE
methods and the latest advancements, this survey provides a
timely and in-depth perspective that not only updates previ-
ous taxonomies but also offers researchers practical guidance
in selecting appropriate SMOTE variants based on the char-
acteristics and application needs of the dataset.

1.2 Researchmethodology

The researchmethodology aims to highlight and compare the
proposed statistical SMOTE studies in the state of the art. The
methodology includes three stages: research requirements,
selection criteria, and analysis.

The research requirements used to govern this study are
determined to include formulating a basic understanding of
the different statistical SMOTEvariants and a comprehensive
comparison between the proposed SMOTE variants in terms
of their underlying mechanisms.

The search and selection criteria that were applied are
listed. The research must be:
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Fig. 1 SMOTE resampling example

• Indexed in one of the following digital databases: IEE-
Explore,1 ACM Digital Library,2 ScienceDirect3 or
Springer.4

• A conference paper or a journal article.
• In English.
• Has one of the following keywords in the paper title,
keywords list, or abstract: SMOTE; Synthetic Minority
Oversampling Technique; Statistical SMOTE; SMOTE
enhancement; improved SMOTE .

The analysis stage aims to comprehensively compare the
various studies that address the different variants of statistical
SMOTE. A strict search and selection criteria were applied,
more than 75 studieswere identified, and 39were selected for
the final review. The studies analyzed are classified according
to their underlying mechanisms.

2 Background

The enlargement of development in technology and science
and the convenience of data caused the need to emphasize
the learning of accurate algorithms. SMOTE method [1]
has been widely used to manage the imbalanced class in
machine learning datasets. The new synthetic instances that
are similar to existing minority class instances were created
to enhance the performance of the classifiers by generating
balanced training data. SMOTE method determines the k
nearest neighbor of the instances that belong to the minor-
ity class as shown in Fig. 1b. The Euclidean distance metric
was employed to generate new instances while preserving
the original feature space of the minority class. In SMOTE,
the primary factors that influence optimal results and miti-
gate overfitting include the selection of the number of nearest

1 https://ieeexplore.ieee.org/.
2 https://dl.acm.org/.
3 https://www.sciencedirect.com/.
4 https://www.springer.com/.

neighbors and the proportion of synthetic instances gener-
ated. However, since SMOTE generates synthetic samples
by interpolating between existing minority class instances,
the resulting data may not precisely adhere to the original
distribution of the minority class, potentially affecting clas-
sification performance [12, 13]. Based on empirical analysis,
SMOTE has better accuracy for large-sized data, so its use is
not limited to small-sized data or minority class data [14]. It
is worth mentioning that SMOTE faces different challenges
when the distribution of the minority class is sparse com-
paredwith themajority class, which enlarges the overlapping
between classes.

3 Statistical-based SMOTE techniques

Several variants of the SMOTEmethod have been developed
to enhance its effectiveness in various scenarios. SMOTE
variant methods can be classified into several categories
based on their underlying mechanisms and approaches to
address the class imbalance in datasets by considering the
statistical-based approach to improve its usefulness or imple-
mentation to a certain dataset and problem. The timeline for
the improvement and enhancement of SMOTE and its vari-
ants will be presented in this section. Categorizing SMOTE
variantmethods based on a statistical-based strategy provides
researchers and practitioners with a better understanding of
their underlying principles and helps select the most relevant
variant.

Several versions of the SMOTEmethod have been created
and developed to overcome the shortcomings of the original
SMOTEmethod. These versions investigated several ways to
produce synthetic instances, such as studying the data density
and aiming at class boundaries. In this paper, the SMOTE
variantmethods based on two categories, selection-based and
adjustment-based, are represented and discussed.

Selection-based SMOTE represents various SMOTE vari-
ant methods by employing the selection criteria, such as
distance from the decision boundary, density, noise, and the
qualities of the feature space to select the minority class
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samples to be oversampled. Meanwhile, the adjustment-
based SMOTE represents the SMOTE variant methods that
enhanced the original SMOTE method by determining the
nearest neighbor’s number and the oversampling degree to
create more authentic instances that guarantee the effec-
tive representation of the original data distribution. These
methods generate more realistic synthetic samples that bet-
ter reflect the underlying data distribution and enhance the
performance of machine learning models on imbalanced
datasets.

3.1 Selection-based SMOTE

Selection-based SMOTE represents an improved version of
the classicSMOTEmethod that aims to overcome someof the
shortcomings of the SMOTE method by carefully choosing
samples and procedures for producing new synthetic data.
This section demonstrates in detail different methods that
focus on optimizing factors such as distance from the deci-
sion boundary, density, noise, and the qualities of the feature
space.

1. Distance from the decision boundary: The decision
boundary is essential for comprehending the model’s
categorization parameters. The decision boundary views
the level of significance at which an additional instance
is classified as either a minority or a majority instance
by the model. The likelihood of misclassified instances
increases with proximity to the decision border. The dis-
tance from the decision boundary indicates the closeness
of a sample to the classifier’s decision boundary. A group
of researchers enhanced the precision of themodel on the
minority class by recognizing data points that might be
incorrectly classified to reduce themodel’s ambiguity and
minimize the violation of separating the minority class
from themajority, such as Borderline-SMOTE [15], (Ste-
fanowski et al.) [16], MSYN [17], SMOTE-Cosine [18],
SDSMOTE [19], SMOTE–IPF [20], and (Lee et al.) [21].

2. Density: The distribution of data instances of theminority
class in the feature space is called a density. Determin-
ing how and where to create new instances based on
the density term was explored by [22–26], SMOTE-Out,
SMOTE-Cosine, and Selected-SMOTE [18, 19, 27, 28],
DSMOTE, ESMOTE [29], and OM-SMOTE [30].

3. Noise: Data points that are inaccurate, deceptive, or do
not accurately reflect the real data distribution are gener-
ated noise. The authors in [16, 26], SMOTE-Out [18, 20,
31], CP-SMOTE, IO-SMOTE [32], and ISMOTE [33]
presented different solutions to minimize skew in the
learning process.

4. Quality of feature Space: The quality of the feature space
refers to the significance and characteristics of the fea-

tures used in the data. The high-quality feature space
is essential to improve the effectiveness of the variant
methods of SMOTE, which the authors present in [22,
34], SMOTE-Cosine in [18, 28].

Different studies in the literature tackled managing the
study region to obtain the optimal representation of the
new instances by considering different factors, such as the
borderline between classes and the spreading of neighbors
from the majority classes. Borderline-SMOTE presented by
Han et al. in 2005 [15] selected the nearest neighbors of
the minority class, which are close to the decision bound-
ary, and generated synthetic instances for these borderline
samples to improve the performance of the classifiers on
the imbalanced datasets and preserve the underlying infor-
mation of the original data. Moreover, Borderline-SMOTE
targeted better generalization of the classifier by reducing
the bias near the majority class, and it is preferred to be used
when the class distribution is very high with complicated
decision boundaries. Different experiments were performed
on different datasets, such as Satimage, Haberman, Pima,
and Circle, using different classification models to compare
the Borderline-SMOTE method with other oversampling
methods. Metrics such as precision, recall, F1 score, and
AUC-ROC are used to assess performance. The findings
demonstrated that the Borderline-SMOTE method consid-
erably outperforms classification performance, particularly
when minority instances are placed close to the decision
boundary. It is important to mention that Borderline-SMOTE
is very sensitive to noise instances near the decision bound-
ary, which can cause the creation of inappropriate data.

Another study proposed by Stefanowski and Wilk in 2008
[16] focused on using a selective preprocessing technique to
handle the context of the imbalanced dataset. Their strategy
focused on detecting borderline and noisy examples within
the minority class by selecting oversampling the "safe"
instances, which are those situated furthest from the decision
boundary, and avoiding oversampling the "noise" instances
to enhance the classification process over the minority class.
Two learning approaches were examined in the experiments
in nine datasets to evaluate sensitivity, specificity, and pre-
cision. Their method overcomes the other preprocessing
techniques, such as NCR and SMOTE, where the strongly
correlated features can impact the effectiveness of oversam-
pling in classification and accuracy.

Managing the whole space effectively to ensure the best
estimate of the real class distribution was investigated by
TANG and CHEN in 2008 [22]. They proposed a new
oversampling algorithm with synthetic examples, Adjust-
ing the Direction Of the Synthetic Minority class examples
(ADOMS). TheADOMSmethod improved the quality of the
feature space and improved the classification effectiveness by
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creating synthetic instances over the first main component
vector of the original data distribution. Twelve datasets were
selected from theUCI repository to evaluate the performance
of theADOMSmethod against the other oversamplingmeth-
ods considering the average value of GM to reduce the
degradation of classification quality. It is worth mentioning
that theADOMSmethod generated synthetic instances based
on the density of theminority instances in the feature space to
ensure that these examples are both meaningful and realistic.
The main challenge in the ADOMSmethod was determining
the impact of directional adjustment during the generation of
the synthetic instances and its effect on the decision bound-
aries discovered by the classifier.

Hu et al. [23] in 2009presentedModifiedSyntheticMinor-
ity Oversampling (MSMOTE) to manage the selection of the
nearest neighbors and utilize the feature space in order to
properly create synthetic instances. MSMOTE is a modified
method for handling the minority class by focusing on the
concept of information density. Synthetic instances were cre-
ated in the area of the highest density of the minority class
rather than in proximity to outliers or noisy data points. The
minority class was classified into security, border, and latent
noise, considering their neighboring instances. The security
and noise groups are related to enhance or reduce the classi-
fier’s performance, respectively. On the other hand, instances
difficult to classify by the classifier were labeled as border
groups. After the classification process, different strategies
were used to select new samples according to the minority
sample class. Three datasets were used to assess the per-
formance of the MSMOTE method that conclude that the
MSMOTE outperformed the SMOTE method in terms of
F values. Although the performance of MSMOTE is better
than the other methods investigated in this study, handling
important features requires further investigation.

A set of variations of the SMOTEmethod [17, 24, 34] was
published in 2011, with the aim of managing the imbalanced
class and improving the classifier’s performance. The diffi-
culties faced by the oversampling method in managing the
huge margin were studied by Fan et al. [17] in 2011 to min-
imize this risk. They proposed the Margin-guided Synthetic
Oversampling (MSYN), which provides more informative
instances based on prioritizing the newly created instances
close to the classes’ boundary. The main step in the MSYN
method is the selection process that determines the seed
instances from the minority class near the decision bound-
ary to control the degree of oversampling. The feature space
characteristics were considered to ensure that the synthetic
instances were created within the significant decision limit.
Experiments have been conducted on synthetic datasets and
ten actual datasets to evaluate the effectiveness of theMSYN
method. According to comparisons with other oversampling
methods, MSYN performs better than the other approaches
in terms of both the AUC and the F-measure. The efficiency

andquality of theMSYNmethod are based on the selection of
appropriate margin thresholds to determine seed examples.

On the other hand, improving the SMOTE method by uti-
lizing dynamic selection has been viewed in the literature.
Local Neighborhood Extension of SMOTE (LN-SMOTE)
improved the generation of synthetic instances by utilizing a
dynamic selection of the closest neighbors in the minority
class to improve the quality of these samples was illus-
trated by Maciejewski and Stefanowski [34] in 2011. The
traditional SMOTEmethod created synthetic examples glob-
ally across the dataset without respect for the dominant
class. Meanwhile, LN-SMOTE generated synthetic exam-
ples by considering only the immediate vicinity of each
minority class occurrence. LN-SMOTE addressed a minor-
ity class sample’s K nearest neighbors and the wider local
neighborhood framework, which will guide the creation of
synthetic data points within an appropriate and useful region
of the feature space. In terms of F-measure and G-means,
the LN-SMOTE method achieved better compared to the
other approaches presented in this study. The extent of the
local neighborhood played an important role in creating the
new synthetic instances, which influences the efficiency of
LN-SMOTE. The selection of the size of the neighborhood
in LN-SMOTE could result in inappropriate instances that
affect the classification performance.

Zhang and Wang [24] in 2011 introduced an oversam-
pling method named Distribution-SMOTE based on the
distribution between different sets and SMOTE. It is specif-
ically geared to the issue of data crossing in credit data.
Distribution-SMOTE implemented the KNN to produce the
synthetic instances that considered the intraclass distribution
of theminority class by increasing theweight of the instances
that may not be on the class borderline. The experiment’s
findings demonstrated that the Distribution-SMOTE strat-
egy achieves better classification than alternative techniques.
AlthoughDistribution-SMOTEkeeps the sample distribution
in the minority class, the performance varies largely based
on the dataset distribution.

García et al. [25] in 2012 proposed a variation of SMOTE
that considers the density of the minority class based on the
approach of the surrounding neighborhood. Rather than the
k nearest neighbors being used in SMOTE, the nearest cen-
troid neighborhood, and the graph neighborhood were used
to expand the range of the new artificial instances based
on spatial and proximity distribution parameters, which
guarantees better capture of decision margins. Also, the
surrounding neighborhood guarantees that the synthetic sam-
ples are impacted by the local pattern of the feature space
rather than by using random interpolations. According to
experimental results conducted in thirty-nine datasets with
three distinct classifiers (1-NN, C4.5, and MLP), the Sur-
rounding neighborhood method significantly outperforms
the original SMOTE algorithm and other oversampling tech-
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niques in terms of the AUCmetric.This approach has several
advantages over the traditional neighborhood, which only
considers the minimum distance by spreading the influence
region of the minority class. The distance metric used to
identify the closest neighbors can be used to assess the perfor-
mance of the surrounding neighborhood. Different distance
metrics may reflect different aspects of sample similarity or
be better suited for different data types.

Overgeneralization is considered a major disadvantage in
the SMOTE method. Therefore, Puntumapon and Waiyamai
[26] in 2012 suggested the TRIM-SMOTEmethodwhere the
algorithm named TRIMwas used as a preprocessing step for
synthetic oversampling to prevent overgeneralization. TRIM
preserves generality while searching for a subset of exact
minority examples by implementing two steps: irrelevant
data filtering and candidate splitting. The determination of
high-density areas to ensure the production of relevant artifi-
cial samples was achieved in the irrelevant data filtering step.
Then, the candidate splitting step detected and eliminated
synthetic instances that were found in the area considered
noisy or far away from the decision boundary. The exact
set of seeds was fed into a synthetic minority oversampling
algorithm. In the end, deleting inappropriate data instances
and generating data instances that are significant in the fea-
ture space distribution in the minority class satisfies a good
representation of the minority class. The outcome of TRIM-
SMOTEwas presented using eleven datasets with two binary
classes, and the performance was estimated using two mea-
surement methods: AUC and F-measure. For the Letter-A
dataset, TRIM-SMOTE recorded the highest values (97.3%)

and (95.2%) for the AUC and F-measure, respectively. It
should be noted that regions that have been discovered may
not be properly generalized to other datasets or real-world
cases. The method may unintentionally skew synthetic sam-
ples to favor particular traits in the training set, reducing its
usefulness in other situations.

Other significant advances in SMOTE variations appeared
in 2014 through various studies [18, 19, 27, 35]. To manage
scenarios not covered by SMOTE, Koto [18] in 2014 pre-
sented three SMOTE enhancements: SMOTE-Out, SMOTE-
Cosine, and Selected-SMOTE methods. These variations
considered three aspects. First of all, handling the spread-
ing of instances that are extremely dense and near to other
instances was represented by SMOTE-Out. The second
variation considered discovering the nearest neighbor by
using the angle or direction of two vectors to determine
their similarity; SMOTE-Cosine represents this. Finally, the
Selected-SMOTE method selected only informative cases
from the minority class, which were used as basis exam-
ples. SMOTE-Out, SMOTE-Cosine, and Selected-SMOTE
methods adopted the kNN, which has been used in the
SMOTE method in different ways to control the genera-
tion of the new data points. Utilizing kNN and deleting

exceptions before creating the new synthetic instance was
implemented using the SMOTE-Out method. Using feature
space to reduce the extent of oversampling in the SMOTE-
Out method compared to the SMOTE method. The density
has been addressed in SMOTE-Out to manage the over-
lapping data and reduce noise before creating the synthetic
instances. SMOTE-Cosine is targeted to handle the oversam-
pling in the high-density area by considering two parameters
of the vector: direction and distance to attain the better near-
est neighbor for a minority sample. In addition, it improves
the creation of appropriate instances in the feature space
area by combining the Euclidean distance and the cosine
similarity to find the nearest neighbor. The selection pro-
cess in the Selected-SMTOEmethod incorporated significant
attributes in the feature space and then implemented kNN to
generate the new synthetic instances. The Selected-SMOTE
was designed to produce synthetic samples by choosing
data points that are crucial for classification and close to
the border. Moreover, this selection mechanism reduced the
noise by selecting the minority class instances that are most
suited to create synthetic samples. Eighteen distinct binary
datasets from UCI using B–ACC and F–Measure as evalu-
ation methods to examine the performance of the suggested
techniques.While the proposed SMOTE-Out represented the
worst results for the IL and BCWdatasets with values 80 and
97.61 of B-ACC and 58.08 and 96.32 for F-Measure, and
the best results of the SLS and CE datasets with values 99.44
and 75.62 of B-ACC and 99.85 and 56.73 for F-Measure
compared to the results achieved by traditional SMOTE. In
contrast, the results obtained by SMOTE-Cosine indicate
that eight datasets outperform SMOTE, with seven of them
providing lower results, which leads to the conclusion that
SMOTE-Cosine is insufficient to enhance the performance of
the benchmark. The Selected-SMTOEmethod, which is sim-
ilar to SMOTE-Out, demonstrated the best results of the CC
and SLS datasets with values of 43.19 and 99.11 of B-ACC
and 942.38 and 99.75 for F-Measure compared to the results
achieved by traditional SMOTE. Although the experimental
results showed the performance of these methods compared
to SMOTE, the efficiency of these methods is related to a set
of factors, such as the properties of the balanced dataset and
the increasing computational complexity due to the selection
of instances or the use of distinct feature spaces.

The determination of the number of new instances and
the control of the selection process was considered a major
disadvantage of the SMOTE method. Li et al. [19] in 2014
introduced SDSMOTE to overcome these challenges. The
enhanced SMOTE approach utilized the support degree for a
sample to determine the boundary ofminority class instances.
It generated the new synthetic instances based on the center
of the minority class and the radius k. The density of the
instances in the regionwas represented by the support degree,
which concentrates on the area close to the decision boundary

123



International Journal of Data Science and Analytics

to guarantee the creation of new instances that represent the
low-density instances. In order to assess the performance of
SDSMOTE, four datasets with varying ratios of positive to
negative classes were used considering the F-value andAUC.
Different results generated based on the different techniques
were used to compute the support degree,which is considered
the main challenge of this approach.

Sandhan and Choi [27] in 2014 enhanced the SMOTE
method by utilizing the partially guided selection named
G-SMOTE and the bootstrapping method to construct the
classifier ensemble. The oversampling G-SMOTE extracted
the linear and nonlinear patterns by considering different
kinds of correlation in the minority class to avoid over-
generalization. Then, the synthetic instances were created
by partially utilizing these patterns to direct the random
imputation in each feature space. The G-SMOTE over-
sampled the minority class considering its density pattern
in the feature area. Later, the bootstrapping method was
used by implementing oversampling in the minority class
and undersampling in the majority class to manage the
extremely uneven distributions of data. Four distinct imbal-
anceddatasets (SCOP,Satimage,HypoThy, andEuThy)were
used to test G-SMOTE. The classification performance was
compared with the traditional SMOTE method based on the
AUC values and depicted the following results for linear and
nonlinear patterns as follows:

• The AUC of the SCOP dataset is 0.832 and 0.838
• The AUC of the Satimage dataset is 0.966 and 0.976
• The AUC of the HypoThy dataset is 0.921 and 0.973
• The AUC of the EuThy dataset is 0.952 and 0.952

It is worth mentioning that the suggested solution in this
paper works very poorly with low-imbalance or real-time
applications because of the extensive computations that excel
its values.

The existence of noise and borderline instances in imbal-
anced datasets generates a huge challenge for learning
classifiers. Therefore, Sáez et al. [20] in 2015 proposed
SMOTE-IPF, which combines SMOTE with iterative par-
titioning filter (IPF). The SMOTE-IPF method started by
implementing SMOTE to balance the class distribution, and
then the IPF filter was used to delete the noisy instances that
existed from the original dataset or instances generated by
the SMOTE method. In addition, IPF was responsible for
managing instances in the boundary region of the classes
to increase their regularity. The work on imbalanced clas-
sification using noisy and borderline samples served as the
basis for selecting the nine datasets examined in this study. In
eleven of the thirty datasets examined, SMOTE-IPF outper-
forms the other resampling techniques, and in the remaining
cases, it achieves results comparable to the top performance.
It should be mentioned that the parameter setting for the

implementation of IPF employed in this study has been
empirically determined to accurately represent the charac-
teristics of the imbalanced dataset that contains noisy and
borderline instances.

Despite its goal of addressing noisy and borderline sam-
ples, SMOTE-IPF was unable to manage the datasets when
the noise level was high. Also, it is difficult to efficiently filter
noisy samples without eliminating instances of the minority
class that are helpful.

Lee et al. [21] in 2015 proposed a selective oversampling
method that targets the creation of synthetic examples for
minority class instances by locating minority class instances
near the classifier’s decision border and creating synthetic
examples specifically for those cases. They aimed to enhance
the classifier’s performance on the minority class while low-
ering the danger of overfitting. Two kinds of datasets were
chosen to examine the performance of ourmodel: an artificial
dataset and eight datasets from theUCI repository. Precision,
recall, and G-mean were used to evaluate the performance of
the classifier. According to the G-mean value, the proposed
method scored the highest value of 0.9519 for the artificial
dataset and 0.9997 for the Letter-recognition dataset com-
pared to the other oversampling methods presented in this
paper. The success of their oversampling strategy with rejec-
tion was strongly dependent on the efficiency of the essential
classifier. If the classifier cannot correctly categorize minor-
ity class instances, the rejection processmay fail to recognize
cases near the decision boundary, resulting in poor oversam-
pling.

Capturing the data underlying distribution effectively
in high-dimensional areas is considered the most chal-
lenging for the original SMOTE method. To address this
shortcoming, the Gaussian-based SMOTE algorithm uses
Gaussian distributions, proposed by Lee et al. [28] in 2017,
to mimic the underlying data distribution. Gaussian-based
SMOTE generated synthetic instances by implementing the
Gaussian distributions centered on minority class instances
rather than linearly interpolating between them, as the tra-
ditional SMOTE method does. This enables more flexible
and realistic production of synthetic samples to be cre-
ated in higher-density regions, enhancing the fitness of the
feature area and preventing the overgeneralizing problem.
A weather forecasting dataset was chosen from the UCI
repository, and sensitivity, accuracy, and specificity were
selected as performance metrics to validate the suggested
Gaussian-based SMOTE approach. The average accuracy of
Gaussian-based SMOTEoutperforms the othermethodswith
a value of 87.45%, and sensitivity and specificity perform
3% to 5% better than the other methods. Although Gaussian-
based SMOTE requires that the underlying data distribution
be adequately described using the Gaussian distribution, in
real-world situations, data allocation may not always be
Gaussian, particularly in high-dimensional environments or
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with complicated data structures. Gaussian distributionsmay
not adequately represent the underlying distribution, result-
ing in biased or unrealistic synthetic sample production.

While the SMOTE method was designed to balance the
dataset to enhance the implementation of the classifier in
the imbalanced dataset, the SMOTE method considers every
sample equitably, which may result in the unawareness of
certain misclassified instances. To highlight these issues,
Hengyu [29] in 2020 proposed two novel oversampling algo-
rithms, DSMOTE and ESMOTE, based on the SMOTE
method. The two versions of the SMOTE method primar-
ily synthesize new samples close to minority samples by
using different approaches to compute the misclassification
in the sample and increase the weight of this sample. The
DSMOTEmethod utilized the density ofminority andmajor-
ity samples to determine sample weight to create synthetic
instances near minority instances. In contrast, the degree
of uncertainty named entropy was utilized to determine
the sample weight of a minority sample in the ESMOTE
method. Samples with higher entropy are assigned greater
weights, generating more samples in their neighborhood,
and assessing their susceptibility to misclassification. Exper-
iments carried out on eight different datasets reveal that the
DSMOTE and ESMOTE algorithms outperform SMOTE in
the F1 and G-mean evaluation measures. In addition, the
ESMOTE algorithm outperforms the DSMOTE algorithm
in the F1 assessment metrics.

Researchers in this field focused on determining the
regions of the minority class with a number of instances
before initiating the creation process to minimize the overlap
between the data in the final result. Therefore, Pradipta et al.
[31] in 2021 presented a new oversampling method named
Radius-SMOTE, which improved the SMOTE method by
using the concept of radius distance. Radius-SMOTE deter-
mined the k-nearest neighbors of a minority class instance
within a given radius instead of creating synthetic samples
at random intervals between minority class instances. Syn-
thetic samples were created, restricted to the specified radius,
along the line that links the chosen instance and its neighbors.
This strategy minimizes the chance of introducing noise by
ensuring that synthetic samples are created in areas of the
feature space where the minority class is highly populated.
For each selected minority class sample, the Euclidean dis-
tance is computed relative to all majority class instances. The
nearest majority class data point is identified as the one with
the shortest distance among all calculated distances for the
selected minority sample, as represented by the following
equations:

ri j = min
n∑

i=1

n∑

i=1

√
(p j − ti )2 (1)

where ri j is the minimum distance of minority sample j to
the majority sample i . The performance of Radius-SMOTE
was examined by employing random forest classification on
selected datasets from the KEEL repository and compared
with other variations of SMOTE considering measurement
parameters for each class. Choosing the appropriate values
for radius and the number of nearest neighbors k played a
predominant role in determining the performance of Radius-
SMOTE.

The SMOTEmethod has some drawbacks related to noisy
samples and the possibility that the newly created synthetic
sample will be less rational and drop the network’s clas-
sification results. To overcome these difficulties, Bao and
Yang [32] in 2023 introduced two new methods: the Cen-
ter Point SMOTE (CP-SMOTE) method and the Inner and
Outer SMOTE (IO-SMOTE) method that target to mini-
mize the number of noise samples that could be used to
create new samples. The CP-SMOTE approach created new
instances by identifying numerous center points and then
linearly integrating the minority examples with their asso-
ciated center points. The IO-SMOTE approach separated
the minority instances into two sets, the inner and outer
sets, and then evaluated the uncertainty by using as many
inner samples as possible in the process of creating new
samples. Measuring the performance of the suggested meth-
ods was examined in four datasets, and the results showed
that the IO-SMOTE and CP-SMOTE approaches outperform
the no-sampling and SMOTE approaches based on different
measurement metrics. While the CP-SMOTE approach was
aimed at improving the distribution of artificial instances in
the minority class, the IO-SMOTE approach was directed
to create significant instances close to the boundary. It is
worth mentioning that CP-SMOTE and IO-SMOTE may be
affected by choosing the parameters and selecting the nearest
neighbors.

To address class imbalance while minimizing class over-
lap, Yulin He et al. proposed Overlapping Minimization
SMOTE (OM-SMOTE) in 2024 [30]. OM-SMOTE begins
by mapping the original data points into a restructured
feature space, effectively balancing the sample distribution
while preserving classifier generalization. It then employs an
advanced set of imputation strategies tailored for the minor-
ity class, generating synthetic instances that are strategically
positioned to minimize their presence in overlapping regions
between classes. This approach improves class separabil-
ity and reduces the risk of misclassification. Experimental
evaluations on thirty-two imbalanced datasets demonstrate
that OM-SMOTE consistently outperforms 11 SMOTE vari-
ants when applied to naive Bayes, support vector machine,
decision tree, and logistic regression classifiers, highlighting
its effectiveness in improving classification performance in
imbalanced learning scenarios.
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On the other hand, to ensure that the new samples are valid
and contribute to the classification results, Jiuxiang Song and
Jizhong Liu proposed Iteration-based SMOTE (ISMOTE) in
2024 [33]. Unlike SMOTE, the ISMOTE algorithm itera-
tively refines the training data over multiple cycles. In each
iteration, it generates synthetic samples near strategically
misclassified instances, which are then incorporated into the
classifier. This iterative process progressively enhances the
model’s ability to distinguish between classes, leading to
improved classification accuracy over successive iterations.
Finally, a new sample is generated using the following for-
mula 2:

xnew = xi + r ∗ (x j − xi ) (2)

where xnew is the newly generated sample, xi is the safety
data point that is already classified in the previous step, x j is a
randomly selected sample of the same kind, and r is a random
number between 0 and 1. Several experiments were operated
on twenty datasets obtained from KEEL repository and a
comparison with other widely used oversampling methods
in order to evaluate the efficacy of the suggested ISMOTE
model using three metrics: AUC, F-Score, and G-mean, to
ensure that our results were reliable.

SMOTE relies on linear interpolation techniques to gener-
ate synthetic data samples, which may be too simplistic and
insufficient to capture complex feature spaces. To address
this limitation, Yu Liu and Qicheng Liu proposed in 2025 an
enhanced SMOTE algorithm utilizing generative adversarial
networks (GANs) to improve the quality and representa-
tiveness of synthetic samples, named GAN-SMOTE [36].
GAN-SMOTE uses GANs to generate synthetic minority
class samples. The process begins with the KNN algorithm,
which identifies the neighboring points for each sample. The
sample points are then randomly selected, and their corre-
sponding neighbors serve as real data to train the GAN.
Through an adversarial learning process between the genera-
tor and the classifier, synthetic data are produced that closely
alignswith the local distributionof theminority class. Finally,
the newly generated samples are integrated with the original
dataset to create a balanced training set, which is then used
for classification.

3.2 Adjustment-based SMOTE

Adjustment-based SMOTE represents an enhanced version
of the traditional SMOTEmethod by determining the number
of nearest neighbors and the degree of oversampling.

This section highlights in-depth different adjustment
methods that target to optimize the original SMOTE method
by proactivelymodifying various parameters of the oversam-
pling process, such as determining the number of nearest
neighbors (i.e., the k value) and the degree of oversampling

(i.e., increasing the size of the minority class by using all
instances or some of them). While the value of k affects the
diversity and distribution of the created samples, the degree
of oversampling significantly impacts how well the model
performs.

Determining the appropriate parameter k for a specific
dataset is challenging. The traditional SMOTE method used
a fixed value of k = 5, which represents the number of near-
est neighbors based on various experiments. However, this
approach may generate unsatisfactory outcomes for other
datasets. The recent methods tackle this challenge and con-
sidering the k value using two ways:

1. Using a fixed value of k: A group of researchers repre-
sented SMOTE variant methods by considering the fixed
value of k when creating synthetic instance for theminor-
ity class, such as de la Calleja and Fuentes [37],He et al.
[38], Gazzah and Essoukri Ben Amara [39], Kang and
Won [40], Dong and Wang [41] and Torres et al. [42].

2. Using a dynamic value of k: Other methods dynamically
determined the value of k considering the local structure
of the data, particularly in scenarioswith varied densities,
such as Cao and Wang [43], Fernandez-Navarroet et al.
[44], Yun et al. [45] and Siriseriwan and Sinapiromsaran
[46].

Another factor considered in the proposed SMOTE variant
methods is the degree of oversampling, which is considered
from different perspectives, such as:

• Considering each instance in the minority class while
generating synthetic samples, similar to the SMOTE
method, such as de la Calleja and Fuentes [37], Kang
and Won [40], Dong and Wang [41], Cao and Wang [43]
and Torres et al. [42].

• Considering a selected portion ofminority class instances
in the oversampling procedure according to the clas-
sifier’s sensitivity. The selection is based on different
strategies and approaches, as presented in this section,
i.e.,He et al. [38], Essoukri Ben Amara [39], Fernandez-
Navarroet et al. [44], Yun et al. [45] and Siriseriwan and
Sinapiromsaran [46].

In this section, a deeper investigation of these issues
is explained. The oversampling of the minority class by
employing a randomizedweighteddistance to select the num-
ber of the nearest neighbor was represented by de la Calleja
and Fuentes [37] in 2007. A specific value has been assigned
to k based on the data density to compute the k-NN for all
minority instances using theweighteddistance.Theproposed
method computes the average of the nearest neighbors of
the minority sample to obtain the mean instance. The mean
example was created in the experiments by choosing a fixed
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K value (k = 5). Later, synthetic instances were added to
the minority class by computing the distance between the
mean instance and all theminority instances, representing the
degree of oversampling. These intensive calculations gener-
ated an overhead on the system due to the increase in required
resources and processing time, especially when managing
high-dimensional data. The suggested method was evaluated
in ten different datasets from the UCI MLR to determine
its efficiency. Three data extraction metrics were used: pre-
cision, recall, and F-measure to assess the results of the
suggested method for varying levels of oversampling.

Adynamic determination of howmany synthetic instances
must be created for each minority instance by utilizing the
density distribution criterion was presented by He et al. [38]
in 2008. The authors introduced theAdaptive Synthetic Sam-
pling Approach (ADASYN) to enhance the learning process
andminimize the existing bias in the imbalanced dataset. The
proposed approach chooses a fixed value of k (k = 5) and
emphasizes difficult-to-learn instances. ADASYN created
more synthetic samples around minority class samples that
are hard to classify by giving them high weights. Thus, none
of the k’s closest neighbors will contribute equally. Using
synthetic objects, ADASYN decreased the class imbalance
and adaptively moved the decision boundary toward chal-
lenging samples. The total number of synthetic samples to
be generated (gi ) is calculated using the following equation:

gi = r̂i × G (3)

where r̂i is the normalized value of ratio ri that is calculated
as:

ri = �i/K (4)

where �i is the number of examples in the K nearest neigh-
bors of xi , where xi ∈ minori tyClass.

A variety of real-world machine learning datasets was
used to evaluate the performance of ADASYN by consider-
ing the ROC measurements metric. ADASYN improved the
performance of classifiers in imbalanced datasets, increased
the accuracy for both majority and minority classes, and
reduced the bias toward the majority class. While ADASYN
ensured the robustness of the created synthetic instances, the
possibility of transferring the overfitting to the majority class
was increased.

The novel degree of oversampling methodology, which
relates to how much synthetic data are added to the minor-
ity class, was presented by Gazzah and Essoukri Ben Amara
[39] in 2008. Synthetic data instances were generated using
polynomial fitting functions to balance the distribution in
the minority class. The value of k is fixed (K = 5) in
the experiments conducted in this research, which includes
examples of sixty people’s handwriting on an Arabic letter,

while the dynamic adjustment of the value of k is used in
the real-life scenario. The effect of the degree of polyno-
mial on the performance of the oversampling was explored
by introducing four different approaches to determine the
most appropriate degree that guarantees the accurate capture
of the minority class distribution. Therefore, the oversam-
pling process was not applied equally to all instances in the
minority class. Rather, the proposed method utilized selec-
tive oversampling of instances according to the local features
of the datasets. Although their work did not handle the fea-
ture space directly, the efficiency of the polynomial fitting for
oversampling relies on the properties of the feature space.

Kang and Won [40] in 2010 proposed a weight deci-
sion algorithm (WDA) to address class imbalance during
oversampling and improve the original SMOTE method.
The weights were dynamically assigned to the instances in
the minority class based on their distribution and the dis-
tance associated with the closest neighbor. Obviously, a fixed
value of k is selected through the experiments. Selecting
the appropriate weight for the minor instance is achieved
by utilizing the edge detection algorithm on the spatial area
depiction of training data, which determines the number of
new samples for each instance. As a result, all minority class
samples were considered during the oversampling process
on the basis of their respective weights. The WDA utiliz-
ing SMOTE as the oversampling technique was evaluated
using the SVM classifier. Nine datasets with varying degrees
of class imbalance were tested and assessed the categoriza-
tion performance by using G-mean and F-measure metrics.
In this context, employing the derivative approach’s edge
detection algorithm of the derivative approach requiredmany
functions, which increased the computational complexity of
this method. The experimental results showed that perfor-
mance relies on the weighing method, where the structure of
the dataset is affected.

Another variationofSMOTEnamed theRandom-SMOTE
method, where a random element was generated in minority
classes to enhance the scarcity and to envisage unidentified
examples in the sparse area,was proposed byDong andWang
[41] in 2011. Random-SMOTE employed a technique differ-
ent from SMOTE by randomly identifying the total number
of synthetic instances in the triangular space to handle
the amount of oversampling. The Random-SMOTE method
selected a fixed value of K , i.e., (k = 3) during the exper-
iments. Based on the selected k, Random-SMOTE created
synthetic instances for each instance in the minority class.
Random-SMOTE can be useful for non-numerical attributes
to enhance sparsity in theminority classes. Experimentswere
conducted on tenUCI datasets to evaluate the effectiveness of
Random-SMOTE compared to three other widely used sam-
pling techniques. The evaluation was performed using the
KNN algorithm as the classifier. The experimental results
demonstrate that Random-SMOTE effectively handles cases
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of absolute rarity and can be applied to datasets with non-
numerical and heterogeneous attributes.

A new variation of SMOTE called Synthetic Minority
Oversampling Based on Sample Density (SMOBD) was
introduced by Cao and Wang [43] in 2011. The new method
balances the class distribution by combining data density and
cost sensitivity. While the data density generated synthetic
instances by finding the sparsity inside theminority class, the
cost-sensitive highlighted the proper classification by giving
various costs to different classes. The new synthetic instances
are created by choosing different values of the parameter
k based on the density distribution, which guarantees that
the amount of generated samples corresponds to the local
density of each minority instance. Moreover, the oversam-
pling process was applied to all instances in the minority
class. Although this method guarantees the generation of
new synthetic instances near the real dataset distribution,
SMOBD can struggle with the higher computational com-
plexity required for oversampling. Nine UCI datasets were
used to evaluate SMODB.The proposedmethod achieved the
highest G-means metric in eight out of nine datasets and the
highest AUC metric in seven out of nine datasets compared
to other SMOTE variants.

A dynamic oversampling method that considers the sen-
sitivity and performance of the output was introduced by
Fernandez-Navarroet et al. [44] in 2011. The proposed
method was implemented in the preprocessing stage by
using the memetic algorithm (MA) to enhance radial basis
functions neural networks (RBFNNs). Two types of over-
samplingmethodswere designed tomanage class imbalance:
the Static SMOTE radial basis function (SSRBF)method and
the dynamic SMOTE radial basis function (DSRBF)method.
The major difference between these two algorithms depends
on the number of times the oversampling process is applied.
The SSRBF performed an oversampling step equally to all
instances in the minority class to balance the class sizes.
In DSRBF, the oversampling process was implemented on
selected instances in the minority class during the prepro-
cessing step and in the various generations produced by the
MA based on the sensitivity of the classifier. Hence, the dis-
tribution pattern and properties of the data for each class
define the oversampling rate and the value of k. The SSRBF
method is consistent with the traditional implementation of
the SMOTE method, in which k is fixed. In DSRBF, the
value of k might be dynamic and change depending on the
sensitivity of the classifier or the features of the local data.
The SSRBF method works well when there is no significant
class imbalance with lower computational adequacy. How-
ever, the DSRBF method was preferred for difficult datasets
with extreme imbalances or complicated class distributions.
The results confirm that the dynamic oversampling approach
yields promising outcomes, achieving high mean sensitivity
in nearly all thirteen datasets analyzed.However, the increase

in sensitivity comes at the cost of reduced accuracy in certain
imbalanced datasets.

Later, several studies are proposed to improve the SMOTE
method using various technologies, such as deterministic
rules and dynamic creation of synthetic instances. A variant
of SMOTE that produces synthetic objects for the minor-
ity class in a deterministic manner, called SMOTE-D, was
presented by Torres et al. [42] in 2016. In SMOTE method,
the synthetic instances were generated randomly, while in
SMOTE-D, deterministic rules were utilized to determine
how many new synthetic objects from each minority class
item should be created andwhere these newobjects should be
located. It could be difficult to produce significant synthetic
instances in areas with sparse data, which could cause prob-
lems with the quality of the oversampling using SMOTE-D.
To evaluate the proposedmethod, 66 datasets from theKEEL
repository were used. The performance of SMOTE-D was
compared with SMOTE using decision trees, support vec-
tor machines (SVM), and KNN based on the F-measure.
The results indicate that the proposedmethod achieved better
performance in 67% of the datasets with decision trees, 61%
with KNN, and 73%with SVM. On average, it demonstrated
a statistical improvement of 3.14%, 2.73%, and 4.26% in F-
measure for decision trees, KNN, and SVM, respectively.

The traditional SMOTE and its derivatives performed
poorly in classification when a dataset has complicated pat-
terns, small sub-clusters, or noise. Therefore, independently
creating synthetic minority samples with the automatically
predefined k values was proposed by Yun et al. [45] in 2016.
The proposed method introduced automatic neighborhood
size determination (AND) based on selecting the appropri-
ate neighborhood size that increases the effectiveness of
SMOTE. The selection process was handled by a method
that automatically set the size of the neighborhood based on
the minimum description length (MDL) basis to obtain the
balance between themodel complexity and its rightness of fit.
As a result, less dense samples are assigned a larger k value,
and more densely packed instances are assigned a smaller
k value, which leads to oversampling only on the minority
instances with lower data density. Automatic determination
techniques could not perform effectively when dealing with
datasets that deviate from the training set or contain previ-
ously unseen data. Thismay affect the algorithm’s robustness
and dependability regarding cross-domain scenarios or fresh
datasets. Twelve datasets from the KEEL dataset reposi-
tory were utilized, considering variations in the number of
samples, attributes, and imbalance ratios. The classification
and regression tree (CART) classifier was employed. The
experimental results demonstrate that the proposed method
outperformed existing approaches at a high noise level (15%)
in terms of AUC-ROC and AUC-PR.

To dynamically change the number of neighbors required
for oversampling in various minority regions, a new adap-

123



International Journal of Data Science and Analytics

tivemethod called theAdaptiveNeighbor SyntheticMinority
Oversampling Technique (ANS) was introduced by Siris-
eriwan and Sinapiromsaran [46] in 2017. The minority
outcast was introduced to the represented instance without
neighbors. Although most oversampling strategies ignored
minority outcasts, ANS combined SMOTE, outlier han-
dling, and an adaptive approach to provide a solution to
performance improvement. Based on the quantity of nearby
positive examples, ANS automatically determines the value
of the parameter k for a positive instance. In addition, ANS
managed minority outcasts to maintain their value without
creating artificial instances. The local features of the data
can affect how much oversampling occurs. This indicates
that the method is flexible and adapts the number of syn-
thetic samples produced to the requirements of various data
regions rather than being restricted to a certain oversampling
ratio. To evaluate the effectiveness of ANS compared to other
oversampling techniques, experiments were conducted on
nine datasets from the UCI repository as well as five datasets
from the PROMISE repository. The study used five clas-
sifiers. The results indicate that ANS achieved the highest
number of cases in which it yielded the best F-measure and
AUC values. To confirm its statistical superiority over other
techniques, Wilcoxon signed-rank tests were applied. It is
worth mentioning that ANS faced difficulties related to cases
where inappropriate instances bounded the minority exam-
ples from the majority class.

4 Discussion

The number of statistical-based SMOTE variations has
increased in recent years, as shown in Tables 1 and 2, empha-
sizing selection-based and adjustment-based approaches;
this is due to increased data availability and the diversity of
data characteristics, which necessitates different approaches
to handle each data distribution.

In the selection-based SMOTE variants, different data
characteristics were considered in the proposed methods,
such as distance from the decision boundary, density, noise,
and the qualities of the feature space. Each approach pro-
posed in Table 1 aims to deal with some data with one
or more of the aforementioned characteristics; addition-
ally, they aim to address certain problems and eliminate
some drawbacks. In this context, improving generalization is
the most appealing challenge, motivating researchers, such
as Distribution-SMOTE [24], Surrounding neighborhood-
based SMOTE [25], TRIM-SMOTE [26], G-SMOTE [27],
Gaussian-based SMOTE [28], and DSMOTE [29], to assist
in dealing with and reducing the risk of overgeneralization,
which refers to creating synthetic samples that overgener-
alize the minority class, potentially introducing noise and
reducing model performance. Furthermore, the proposed

statistical selection-based SMOTE versions aim to address
two of the most challenging problems: producing noise-free
samples and minimizing overfitting, such as MSYN [17],
SMOTE–IPF [20],MSMOTE [23], andRadius-SMOTE [31]
and (Lee et al.) [21], ADOMS [22], G-SMOTE [27], and
ISOMTE [33], respectively.

Adjustment-based SMOTE variations improve SMOTE
by adjusting specific parameters, such as the number of near-
est neighbors (fixed or dynamic k value) and the degree of
oversampling (considering some or all minority instances).
As shown inTable 2, the proposed adjustment-based SMOTE
variants aim to improve SMOTE performance and efficiency
by enhancing its processes rather than dealing with data
characteristics. For example, a specified fixed value of k is
frequently utilized due to its simplicity and low complexity.
However, random weighted distance methods are prevalent
among researchers for the same reason.Most of the proposed
adjustment-based SMOTE variations are successful in pre-
serving the minority class distribution, such as (Gazzah and
Essoukri Ben Amara) [39], SMOTE-D [42], SMOBD [43],
and ANS-SMOTE [46], and others are successful in dealing
with different and complex feature space characteristics such
as (de la Calleja and Fuentes ) [37], ADASYN [38], (Kang
and Won) [40], Random-SMOTE [41], and (Yun et al.) [45].
On the other hand, improving internal SMOTE processes
may have certain problems, such as relying on technique
performance to improve SMOTE, creating noise instances,
and giving less generic solutions that functionwell in specific
scenarios rather than all cases (i.e., sparse data).

The effectiveness of SMOTE and its variants is highly
influenced by key hyperparameters, such as the number of
nearest neighbors (k), oversampling ratios, and radius thresh-
olds. Several practices could be employed to fine-tune these
parameters and select the most appropriate parameter values,
such as grid search and cross-validation.These techniques are
utilized to identify suitable values that balance synthetic data
generationwithout introducing excessive noise or overfitting.
While there is no one-size-fits-all approach, prior studies
suggest that setting k between 3 and 7 often yields stable
results, while oversampling ratios should be adjusted based
on the degree of class imbalance. Methods such as adaptive
SMOTE and density-based approaches (i.e., DBSMOTE)
further refine parameter selection by considering the local
distribution of minority samples. Incorporating automated
hyperparameter tuning techniques, such as Bayesian opti-
mization or evolutionary algorithms, can further enhance
parameter selection in future work.

5 Conclusion

In this article, several statistical-based SMOTE variants are
studied, analyzed, and classified into two groups: selection-
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based SMOTE and adjustment-based SMOTE. By sys-
tematically analyzing these variants, their key advantages,
limitations, and applicability across different data scenarios
are highlighted. Selection-based SMOTE methods improve
sample selection processes, leveraging distance metrics,
density estimations, and noise filtering to refine the oversam-
pling process. Adjustment-based SMOTE methods focus on
optimizing nearest-neighbor selection (k) and oversampling
ratios, ensuring more adaptive data balancing strategies. The
selection-based SMOTE variants are further classified based
on the processed data characteristics, i.e., distance from the
decision boundary, density, noise, and the qualities of the
feature space, while the adjustment-based SMOTE variants
are further classified based on the type of enhancement pro-
posed, i.e., the number of required nearest neighbors and the
degree of oversampling.

There are promising future work directions to work on in
this area such as (1) conducting an empirical evaluation to
compare the different variants’ performance on real datasets,
(2) more new SMOTE variants can be developed to improve
the quality of individuals by combining multiple variants
into one method or proposing an ensemble of SMOTE vari-
ants that capture the benefits of multiple variants into one
new method, and (3) analyzing the complexity of different
statistical-based SMOTE variants and validating them on a
large dataset.
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