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Abstract: The synthetic minority oversampling technique (SMOTE) is a popular algorithm to reduce the impact
of class imbalance in building classifiers, and has received several enhancements over the past 20 years. SMOTE
and its variants synthesize a number of minority-class sample points in the original sample space to alleviate the
adverse effects of class imbalance. This approach works well in many cases, but problems arise when synthetic sample
points are generated in overlapping areas between different classes, which further complicates classifier training. To
address this issue, this paper proposes a novel generalization-oriented rather than imputation-oriented minority-
class sample point generation algorithm, named overlapping minimization SMOTE (OM-SMOTE). This algorithm
is designed specifically for binary imbalanced classification problems. OM-SMOTE first maps the original sample
points into a new sample space by balancing sample encoding and classifier generalization. Then, OM-SMOTE
employs a set of sophisticated minority-class sample point imputation rules to generate synthetic sample points
that are as far as possible from overlapping areas between classes. Extensive experiments have been conducted
on 32 imbalanced datasets to validate the effectiveness of OM-SMOTE. Results show that using OM-SMOTE to
generate synthetic minority-class sample points leads to better classifier training performances for the naive Bayes,
support vector machine, decision tree, and logistic regression classifiers than the 11 state-of-the-art SMOTE-based
imputation algorithms. This demonstrates that OM-SMOTE is a viable approach for supporting the training of
high-quality classifiers for imbalanced classification. The implementation of OM-SMOTE is shared publicly on the
GitHub platform at https://github.com/luxuan123123/OM-SMOTE/.

Key words: Imbalanced classification; Synthetic minority oversampling technique (SMOTE); Majority-class
sample point; Minority-class sample point; Generalization capability; Overlapping minimization

https://doi.org/10.1631/FITEE.2300278 CLC number: TP301

‡ Corresponding author
* Project supported by the National Natural Science Foun-
dation of China (No. 61972261), the Natural Science Founda-
tion of Guangdong Province, China (No. 2023A1515011667),
the Key Basic Research Foundation of Shenzhen, China (No.
JCYJ20220818100205012), and the Basic Research Foundation
of Shenzhen, China (No. JCYJ20210324093609026)
# Electronic supplementary materials: The online version of
this article (https://doi.org/10.1631/FITEE.2300278) contains
supplementary materials, which are available to authorized users

ORCID: Yulin HE, https://orcid.org/0000-0002-3415-0686
c© Zhejiang University Press 2024

1 Introduction

Classification is an important supervised ma-
chine learning task, where the goal is to assign a
class label to each unlabeled sample point. Imbal-
anced classification (He HB and Garcia, 2009) is the
task of creating a classifier to perform classification
when the distribution of classes in the training data
is imbalanced. In recent years, imbalanced classifi-
cation has attracted the attention of numerous re-
searchers because imbalanced datasets are common
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in many practical applications such as identifying
positive COVID-19 cases (Moulaei et al., 2022) and
predicting typhoon landing locations from annual cli-
mate data (Li W et al., 2022). In such applications,
incorrectly classifying minority-class sample points
(MinCSPs) may cause more serious consequences
than the misclassification of majority-class sample
points (MajCSPs). For instance, if a person is in-
fected with COVID-19 but incorrectly diagnosed, it
may cause further spread of the virus in the popu-
lation. Similarly, failing to predict a typhoon suffi-
ciently in advance may delay the necessary preven-
tion steps and thus cause loss of life and property.
Thus, for imbalanced classification tasks, it is gener-
ally crucial to construct classifiers that can predict
the MinCSPs as correctly as possible.

A good classifier for imbalanced data should
thus favor the MinCSPs over those from the majority
class. This can be achieved by two main strategies.
The first, called the data-oriented strategy, is to gen-
erate synthetic MinCSPs to increase their numbers
and thus construct classifiers that are more accurate
at identifying the minority class. The second strat-
egy, namely the classifier-oriented strategy, is to force
a classifier to learn more from the MinCSPs (He YL
et al., 2022), thus moving the classification bound-
aries towards MinCSPs. In comparison to the first
strategy, the second strategy has the disadvantages
of frequently causing overfitting and being highly
complex, particularly for relatively large imbalance
ratios (IRs). Hence, over the last decade, data-
oriented imbalanced classification techniques have
drawn increasing attention from academia and indus-
try (Guo et al., 2017). A representative algorithm for
the generation of synthetic MinCSPs is the synthetic
minority oversampling technique (SMOTE) (Chawla
et al., 2002). It can considerably improve imbalanced
classification performance by training classifiers on
relatively balanced datasets composed of the orig-
inal sample points (MajCSPs and MinCSPs) and
synthetic MinCSPs. SMOTE first determines the
k nearest neighbors of each original MinCSP and
then repeatedly imputes synthetic MinCSPs between
original MinCSPs and their nearest neighbors in a
random way.

Numerous SMOTE enhancements have been
proposed (Fernández et al., 2018; Kovács, 2019) to
address various limitations of the SMOTE algorithm.
These improvements focus on several aspects such

as (1) the selection of seed MinCSPs and auxiliary
MinCSPs, (2) the generation of synthetic MinCSPs,
and (3) the application of SMOTE in other sam-
ple spaces. Experimental results have shown that
these extended algorithms perform reasonably well
for imbalanced classification tasks. However, none
of them offers a solution to the problem that syn-
thetic MinCSPs and original MajCSPs may be lo-
cated in overlapping areas. This is because synthetic
MinCSPs are generated by considering only the origi-
nal MinCSPs rather than both the original MinCSPs
and MajCSPs. This has three negative effects on the
construction of subsequent classifiers:

1. Imputing inconsistent synthetic MinCSPs.
The generation of an inconsistent probability distri-
bution between synthetic MinCSPs and the original
MinCSPs is unavoidable due to the linear imputa-
tion process of SMOTE and its variants. SMOTE
and its extensions are based on the assumption that
the linear or geometric space between two MinCSPs
belongs to the minority class (Douzas et al., 2021).
However, this assumption is violated when classes
in the original data overlap heavily or are linearly
indistinguishable.

2. Aggravating intra-class imbalance. Most cur-
rent methods use the k-nearest neighbor (KNN)
method to select auxiliary samples, which takes into
account only the local information. The conse-
quence, as depicted in Fig. 1a, is that new samples
tend to be generated in areas where the MinCSPs are
dense, which aggravates the intra-class imbalance.

3. Neglecting the information contained in the
original MajCSPs. Synthetic MinCSPs are gener-
ated without taking into account the information of
original MajCSPs, i.e., the adaptability of MajCSPs
to synthetic MinCSPs. That is to say, synthetic
MinCSPs may be located in an area containing orig-
inal MajCSPs, which may result in sample pollution
for the original MajCSPs, as shown in Fig. 1b. This
overlap of different classes increases the classification
uncertainty (Tang et al., 2010; Sáez et al., 2019).

To address the aforementioned issues of
SMOTE-based algorithms for imbalanced learning,
a novel overlapping minimization SMOTE (OM-
SMOTE) algorithm is introduced. OM-SMOTE is
a generation-oriented oversampling algorithm for bi-
nary class imbalance problems. Unlike most cur-
rent oversampling methods that focus solely on data
imputation, the OM-SMOTE algorithm prioritizes
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Fig. 1 Negative effects of existing synthetic minority oversampling techniques: (a) aggravating intra-class
imbalance; (b) generating samples in overlapping regions

the impact of oversampling results on classifier per-
formance. It avoids generating new samples in the
overlapping regions, helping classifiers learn decision
boundaries more easily and improving the overall
generalization performance.

The proposed OM-SMOTE algorithm has two
main components: the overlapping alleviation trans-
formation (OAT) and retreating interpolation (RI)
to impute synthetic MinCSPs. OM-SMOTE first
maps the original sample points, including MinCSPs
and MajCSPs, into a new sample space by balancing
sample transformation and classifier generalization.
Then, the novel MinCSP imputation rules are ap-
plied to generate synthetic sample points that are
as far as possible from overlapping areas between
the classes. Extensive experiments are conducted
to validate the effectiveness of the OM-SMOTE al-
gorithm, including a comparison with 11 state-of-
the-art SMOTE-based imputation algorithms on 32
imbalanced datasets. Results show that the new
OM-SMOTE algorithm can help the naive Bayes,
support vector machine (SVM), decision tree (DT),
and logistic regression (LR) classifiers obtain better
imbalanced classification performances in terms of
testing accuracy, area under the receiver operating
characteristic (ROC) curve (AUC) (Hand and Till,
2001), geometric means of classification accuracy of
every class (G-mean) (Sun et al., 2006), and F1-score
(F1) (Lipton et al., 2014). The main contributions
of this paper are threefold:

1. We propose a sophisticated nonlinear data

transformation method. By using the structure of
an auto-encoder (AE) as the starting point, we de-
sign an OAT method which provides bidirectional
transformation between the original space and the
latent space to ensure the quality of data reconstruc-
tion while transforming data into a more separable
space.

2. We construct an effective synthetic MinCSP
generation mechanism. The furthest neighbors of
seed samples are selected as auxiliary samples to mit-
igate the negative effect of sample selection on syn-
thetic sample generation, and a set of sophisticated
imputation rules are developed to avoid generating
samples in overlapping regions.

3. We design exhaustive experiments to system-
atically evaluate the performance of OM-SMOTE,
including validating its convergence, verifying its im-
putation distribution consistency, and comparing its
performance with those of SMOTE-based sample
generation algorithms.

2 Related works

SMOTE (Chawla et al., 2002) was proposed to
improve the performance of classifiers in identifying
minority-class samples. SMOTE is an oversampling
algorithm to rebalance an original training dataset.
SMOTE is applied in two phases: data selection and
data generation.

1. In the data selection phase, SMOTE ran-
domly selects a MinCSP xi as the seed sample and
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then randomly selects an auxiliary sample xj from
its k nearest minority-class neighbors.

2. In the data generation phase, a synthetic
sample x̂ is generated along the line between the seed
sample and the auxiliary sample. The generation
mechanism is depicted in Eq. (1):

x̂ = xi + λ(xj − xi), (1)

where λ is a random number in [0, 1].
SMOTE is the first algorithm for balancing

datasets by generating synthetic minority samples
and has become one of the most popular oversam-
pling techniques for handling imbalanced classifica-
tion problems. Up until now, more than 100 exten-
sions of SMOTE have been proposed. These exten-
sions improve SMOTE in several aspects:

1. Modify the selection rules for seed samples
and auxiliary samples. This approach assumes that
selecting better candidate samples to be oversampled
can reduce overlaps and noise in the final dataset
(Fernández et al., 2018). A representative algorithm
of this type is Borderline-SMOTE (Han et al., 2005),
which focuses on samples in the borderline region
which are more prone to be misclassified. Borderline-
SMOTE selects MinCSPs close to the border as
seed samples. Another algorithm called the adap-
tive synthetic (ADASYN) sampling approach (He
HB et al., 2008) adaptively adjusts the weights of
different MinCSPs according to their distribution.
Then, samples with higher weights are more likely
to be oversampled. The k-means SMOTE (Douzas
et al., 2018) algorithm selects seed samples from
clusters with a higher representation of MinCSPs to
avoid noise generation. In contrast with most over-
sampling methods based on the KNN algorithm, the
farthest SMOTE (FSMOTE) algorithm (Gosain and
Sardana, 2019) selects an auxiliary sample from the
k farthest neighbors of a seed sample based on the as-
sumption that this data selection strategy can widen
the decision area corresponding to the minority class.
The synthetic minority based on probabilistic distri-
bution (SyMProD) approach (Kunakorntum et al.,
2020) assigns a probability to each MinCSP and se-
lects seed samples based on the probability distribu-
tion rather than the sample weight.

2. Modify the synthetic MinCSP generation
mechanisms. Many studies proposed new data
generation rules to replace the random linear
interpolation of SMOTE. In Safe-Level-SMOTE

(Bunkhumpornpat et al., 2009), the safe level ra-
tio is calculated to restrict the range of λ, so that
the newly synthesized samples are closer to high-
safe-level samples. In Random-SMOTE (Dong and
Wang, 2011), a triangle is formed by the seed sam-
ple and two auxiliary samples, and new minority
examples are generated randomly within the trian-
gle area. The cluster-based synthetic oversampling
(CBSO) algorithm (Barua et al., 2011) incorporates
unsupervised clustering in the data generation phase
to ensure that the synthesized samples always lie
within MinCSP clusters. The geometric SMOTE
(G-SMOTE) (Douzas and Bacao, 2019) algorithm
generates synthetic samples within a flexible geomet-
ric region around each selected seed MinCSP. The
localized random affine shadow sampling (LoRAS)
algorithm (Bej et al., 2021) adds Gaussian noise to
the local distribution of each minority feature to form
shadow samples and uses the multiple shadow sam-
ples for data generation to better account for local
information.

3. Transform samples into another space. Data
transformation methods have been proposed to
transform data into a new space that provides de-
sirable data properties. The isometric feature map-
ping (Isomap) algorithm maps data into a low-
dimensional space (Gu et al., 2009), where the data
are more separable. Some studies have used kernel
functions to transform input data into a kernel space
(Mathew et al., 2015; Pérez-Ortiz et al., 2016) and
then generate synthetic MinCSPs in a new space.
AEs are used to transform MinCSPs from the origi-
nal space into a latent space, and then new samples
are generated by adding Gaussian noise (Bellinger
et al., 2015) or applying SMOTE (Bellinger et al.,
2016) in the latent space. The doping with infrequent
normal generator (DOPING) (Lim et al., 2018) algo-
rithm uses adversarial AEs to encode MinCSPs into
a Gaussian mixture latent space and then interpo-
lates samples near the distribution boundaries. The
auto-encoder extreme learning machine (AE-ELM)
(He YL et al., 2022) algorithm encodes the orig-
inal MinCSPs in a latent space, and then applies
crossover, mutation, and filtration operations in the
latent space to generate new samples.

Additionally, there are hybrid-sampling meth-
ods that combine SMOTE with undersampling al-
gorithms. For example, SMOTE combined with
iterative-partitioning filter (SMOTE-IPF) (Sáez
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et al., 2015) applies noise filtering after gener-
ating new samples, whereas the adaptive multi-
objective swarm crossover optimization (AMSCO)
(Li JY et al., 2018) algorithm undersamples the
MajCSPs while oversampling the MinCSPs, and par-
ticle swarm optimization (PSO) is used to find the
optimal ratio of the two classes.

3 The proposed OM-SMOTE

This section introduces the proposed OM-
SMOTE algorithm, which is applied in two phases.
First, OM-SMOTE uses an OAT method to map
data into a more separable space, and then an RI
mechanism is used to generate only new instances in
a safe region. These two components of OM-SMOTE
are described next.

3.1 Overlapping alleviation transformation

An AE is a type of neural network that uses
the back-propagation algorithm to reconstruct its in-
puts. The goal of an AE is to minimize the recon-
struction error between the input and output while
learning an “informative” data representation in the
latent space (Bank et al., 2020). Fig. 2a illustrates
the structure of a general AE. Based on the AE con-
cept, we propose the OAT method which provides a
nonlinear bidirectional transformation between the
original space and latent space to alleviate the data
overlap problem.

According to the Cover theorem (Cover, 1965),
it is possible to transform a dataset that is not lin-
early separable into a linearly separable dataset with
a high probability by projecting it into a higher-
dimensional space via some nonlinear transforma-
tion. In this work, to ensure that the data are more
separable in the new space, we transform the data
to a higher-dimensional space, i.e., L > D, where D
is the dimension of the original dataset and L is the
dimension of the hidden space in the AE network.

Furthermore, we use label information to guide
the data transformation process. Fig. 2b illustrates
the AE network structure of the proposed OAT
method. By comparing Fig. 2b with Fig. 2a, it
can be seen that the general AE compresses high-
dimensional data into a lower-dimensional hidden
space, and hence the dimension of the hidden layer
is smaller than that of the input layer, i.e., L < D.
In OAT, two networks are connected to the same

hidden layer, i.e., the reconstruction network and
the classification network. The reconstruction net-
work’s goal is to produce an output X that is as
similar as possible to the input X. The classifica-
tion network is learning in a supervised manner to
predict the targets. We use class labels to guide the
data transformation process so that the inter-class
distance between the MinCSPs and MajCSPs in the
latent space can be maximized.

The learning process of OAT is given by Eq. (2)
as ⎧

⎨

⎩

HN×L = s(XN×DVD×L),
XN×D = s(HN×LWL×D),
Y N×2 = s(HN×LUL×2),

(2)

where s(·) is the sigmoid function, VD×L is the
input-layer weight matrix, and WL×D and UL×2 are
the output-layer weight matrices. The input X is
first transformed to a latent space representation H .
Then, the reconstruction network uses H to recon-
struct the output X, while the classification network
learns to predict the targets of H .

In the reconstruction network, the mean
squared error (MSE) loss is used as the objective
function to minimize the reconstruction loss of in-
puts, which is defined as

LMSE(X,X) =
1

N ||X −X||22, (3)

where N is the number of original sample points
including MajCSPs and MinCSPs.

The objective function of the classification net-
work is a measure of the classification errors by min-
imizing the cross-entropy loss and is defined as

LCE(Y ,Y ) = − 1

N
N∑

i=1

(yilnyi + (1− yi)ln(1− yi)),

(4)
where yi and yi are the true and predicted labels of
the ith sample point, respectively.

LOAT is the combination of the reconstruction
loss LMSE and classification loss LCE, defined as

LOAT = αLMSE + (1− α)LCE, (5)

where α ∈ [0, 1] is a weighting factor to balance sam-
ple transformation and classifier generalization.

3.2 Retreating interpolation

By transforming samples into the latent space, a
latent space representation of the input is obtained,
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Fig. 2 Network structures corresponding to general auto-encoder and overlapping alleviation transforma-
tion methods: (a) general auto-encoder structure; (b) auto-encoder structure in an overlapping alleviation
transformation method

i.e., H =

[
Hmin

Hmaj

]

, where Hmin and Hmaj are

the latent space representations of MinCSPs and
MajCSPs, respectively. In an ideal situation, OAT is
able to map data to a fully linearly separable space.
However, for some complex datasets, there is still a
partial overlap between Hmin and Hmaj. Hence, we
propose a mechanism called RI to avoid generating
samples in the overlapping regions.

In the latent space, we define two hyperspheres
Smin and Smaj to represent the distribution space
of Hmin and Hmaj, respectively. The locations of
spheric centers and radii of Smin and Smaj are defined
as ⎧

⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

omin =
1

n1

n1∑

k=1

hk,

omaj =
1

n2

n2∑

l=1

hl,

(6)

⎧
⎪⎨

⎪⎩

rmin = max
k=1,2,··· ,n1

||hk − omin||,

rmaj = max
l=1,2,··· ,n2

||hl − omaj||,
(7)

where hk ∈ Hmin, hl ∈ Hmaj, and n1 and n2

represent the numbers of MinCSPs and MajCSPs,
respectively.

The sample space is divided into three regions,
i.e., the safe region, overlapping region, and danger
region. As shown in Fig. 3, the safe region is defined
as the part of Smin that does not intersect with Smaj,
the overlapping region is the region where two hyper-
spheres overlap, and the danger region is the part of

rmin

rmaj

omaj

omin

 Overlapping 
region

Fig. 3 Hyperspheres corresponding to MajCSPs and
MinCSPs

Smaj that does not intersect with Smin. These three
regions can thus be formally described as

⎧
⎪⎨

⎪⎩

safe region : Smin − Smaj,

overlapping region : Smin ∩ Smaj,

danger region : Smaj − Smin.

(8)

In the data selection phase, to widen the deci-
sion area of the minority class, hi ∈ Hmin is ran-
domly selected as the seed sample, and its farthest
neighbor hj ∈ Hmin is chosen as the auxiliary sam-
ple. In the data generation phase, four imputation
rules are applied which are designed to generate syn-
thetic samples in the safe region.

1. Direct interpolation. As shown in Fig. 4a,
both the seed sample and auxiliary sample are lo-
cated in the safe region, i.e., hi,hj ∈ (Smin − Smaj).
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Fig. 4 Imputation rules of the retreating interpolation method: (a) direct interpolation; (b) auxiliary sample
retreating interpolation; (c) seed sample retreating interpolation; (d) no interpolation

The synthetic sample is generated on the line be-
tween hi and hj . Eq. (9) represents this imputation
rule:

ĥ = hi + λ(hj − hi). (9)

2. Auxiliary sample RI. As shown in Fig. 4b, the
seed sample is located in the safe region, while the
auxiliary sample is located in the overlapping region,
i.e., hi ∈ (Smin − Smaj),hj ∈ (Smin ∩ Smaj). In this
case, hj retreats back to the boundary of the safe
region and overlapping region along the line from hj

to hi and forms a shadow sample h′
j . The newly

generated samples can be depicted as

ĥ = hi + λ(h′
j − hi). (10)

3. Seed sample RI. As shown in Fig. 4c, the seed
sample is located in the overlapping region, while the
auxiliary sample is located in the safe region, i.e.,
hi ∈ (Smin ∩ Smaj),hj ∈ (Smin − Smaj). In this case,
hi retreats to the boundary of the safe region and
overlapping region along the line from hi to hj and
forms a shadow sample h′

i. The newly generated
samples can be depicted as

ĥ = hj + λ(h′
i − hj). (11)

4. No interpolation. As shown in Fig. 4d, both
the seed sample and auxiliary sample are located in
the overlapping region, i.e., hi,hj ∈ (Smin ∩ Smaj).
To avoid generating noisy samples, no samples are
generated in this case.

It is important to note that in very excep-
tional cases, due to the specific positions of the seed
and auxiliary samples, the newly generated samples
might fall into the overlapping region, as illustrated
in Fig. 5. For such scenarios, direct interpolation is
adopted. Considering the infrequency of such cases,
coupled with the fact that the imputed positions re-
main close to the minority-class region, their impacts

on the overall oversampling outcomes can be negli-
gible. To illustrate the rarity of this example, we
select five datasets to record the locations of sample
generation and calculate the proportion of samples
falling into the overlapping region relative to the to-
tal number of synthetic samples, as shown in Table 1.
According to the experimental results, it can be ob-
served that when both the root sample and auxiliary
sample are located in the safe region, the probabil-
ity of generated samples falling into the overlapping
region is very low.

Finally, the OAT method maps the resulting
dataset Ĥ back to the original space, i.e.,

X̂K×D = ĤK×LWL×D, (12)

 Overlapping region

hi

hi

hj

Fig. 5 Exceptional case

Table 1 Ratio of samples falling into the overlapping
region corresponding to five datasets

Dataset
Number of samples

Ratio (%)
Safe region Overlapping region

ecoli3 266 0 0.00
yeast1 624 2 0.32
vowel0 807 1 0.12
segment0 1645 5 0.30
abalone19 4101 9 0.22
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where K is the number of synthetic MinCSPs. The
process of RI is summarized in Algorithm 1.

Algorithm 1 Retreating interpolation
Require: Hmin, the transformed representation of

MinCSPs; Hmaj, the transformed representation of
MajCSPs; n1, the number of MinCSPs; n2, the num-
ber of MajCSPs

Ensure: Ĥ = {ĥ1, ĥ2, ..., ĥn2−n1}, the set of synthetic
MinCSPs

1: Calculate omin, omaj, rmin, and rmaj
2: Initialize Ĥ to the empty set, k = 0

3: while k < n2 − n1 do
4: Randomly select hi ∈Hmin as the seed sample
5: Select hi’s farthest neighbor hj as the auxiliary sample
6: if hi and hj are both in the safe region then
7: ĥk ← hi + λ(hj − hi), λ ∈ [0, 1]

8: k+ = 1

9: else if hi is in the safe region and hj is in the over-
lapping region then

10: Let hj retreat along the line from hj to hi until
||hj − omaj|| = rmaj, and form h′

j

11: ĥk ← hi + λ(h′
j − hi), λ ∈ [0, 1]

12: k+ = 1

13: else if hi is in the overlapping region and hj is in the
safe region then

14: Let hi retreat along the line from hi to hj until
||hi − omaj|| = rmaj, and form h′

i

15: ĥk ← hj + λ(h′
i − hj), λ ∈ [0, 1]

16: k+ = 1

17: end if
18: Add ĥk to Ĥ

19: end while

4 Experiments

This section describes a series of experiments
that were conducted to demonstrate the algorithmic
convergence, imputation visualization, and effective-
ness of OM-SMOTE. All experiments were carried
out using Python on a workstation equipped with an
Intel� CoreTM i7-11700 2.50 GHz CPU and 16 GB
of memory.

4.1 Parameter selection and convergence
validation

In this experiment, we first verified the influ-
ence of parameter selection on the performance and
convergence of the OM-SMOTE algorithm. The
tunable parameters include the weight α of two
loss functions and the dimension of hidden space
L. The weight α controls the trade-off between
two loss functions for data reconstruction and data
classification during gradient descent. The pa-

rameter L determines the model’s complexity: a
small value may result in an underfitting model,
while a large value may produce an overly complex
model. For this initial experiment, the ecoli3 dataset
was selected and the SVM classifier (https://scikit-
learn.org/stable/modules/svm.html) in the Scikit-
Learn toolkit was trained to validate OM-SMOTE’s
performance. The dataset was randomly partitioned
into two parts; i.e., 70% of data were used for train-
ing and the remaining 30% for testing.

For this experiment, a parameter M was in-
troduced, called the multiple of ascending dimen-
sions, which was used as a multiplying factor to
select a value for L as L = MD. The set of
values to be tested for parameter α was set to
α ∈ {0, 0.1, 0.2, ..., 1.0} and M was set to M ∈
{1, 2, 3, ..., 50}. By applying the grid search strat-
egy, as shown in Fig. 6, it was found that the opti-
mal parameter values were {α,M} = {0.4, 20} for
OM-SMOTE’s training on the ecoli3 dataset.
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Fig. 6 Impact of parameter pair (α, M) on LOAT

We first verified the effect of α on the conver-
gence of loss functions by fixing M = 20 and chang-
ing α to {0, 0.1, 0.2, ..., 1.0}. Fig. 7 shows the results
ofLOAT, LMSE, andLCE. As observed in Fig. 7a, the
overall trend of LOAT is that loss first decreased and
then stabilized for all values of α. This demonstrates
that the structure of the proposed OAT method
can make the loss function converge. As shown in
Fig. 7b, when α was set to 0, LMSE had no impact
on gradient descent. In addition, except for α = 0,
all the losses decreased below 0.01 after converging.
The experimental results demonstrated the effective-
ness of the reconstruction network. As depicted in
Fig. 7c, when α = 1.0, LCE had no impact on gra-
dient descent, and except for α = 1.0, all the losses
decreased rapidly and then converged.
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It can also be seen that the loss decreased more
quickly for α = 0.4. Then, we verified the effect
of the parameter M on OM-SMOTE’s performance
by using α = 0.4 and varied M with the values
{1, 2, 3, ..., 50}. Results are shown in Fig. 8. The
AUC, G-mean, F1, and accuracy curves showed that
the OM-SMOTE performance tended to increase and
then decrease as the multiplying factor M increased,
and that OM-SMOTE achieved optimal performance
for M = 20.

Then, we verified the convergence of the OM-
SMOTE algorithm as the number of iterations in-
creased. We set the parameters as {α,M} =

{0.4, 20}, and used different numbers of iterations
{0, 100, 200, ..., 5000} to observe the convergence of
OM-SMOTE. The results are shown in Fig. 9. It
can be seen that as the number of iterations in-
creased, AUC, G-mean, F1, and accuracy generally
first increased and then stabilized. These experi-
mental results demonstrated the convergence of the
OM-SMOTE algorithm.

4.2 Imputation visualization

In this subsection, we performed experiments
to visually demonstrate the oversampling results of
the OM-SMOTE algorithm, the data-transforming
process of the OAT method, and the interpolation
results of the RI mechanism in the hidden space. The
experiments were conducted using a two-dimensional
(2D) imbalanced dataset, which can be down-
loaded from the OM-SMOTE Data Sets folder at
https://pan.baidu.com/s/1X3UMInVZUDOzcogO3a5_MA

using the extraction code 69da. The dataset consists
of 240 MajCSPs and 60 MinCSPs. Fig. 10a shows
the distribution and kernel density estimate (KDE)
for this dataset. As can be observed, the original
data had some degree of overlapping, making the
classes linearly inseparable in the original space.
Fig. 10b gives the oversampling results produced
by the SMOTE algorithm. It can be seen that a
portion of the synthetic MinCSPs were generated
in the overlapping region, which aggravates the
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overlapping phenomenon. This is because SMOTE
does not take into account the information about
the distribution of MajCSPs. Because some syn-

thetic MinCSPs fall into the overlapping region, a
mixture of MinCSPs and MajCSPs is created and
thus the difficulty of training a classifier increases.
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In addition, SMOTE uses KNN rules to select
the auxiliary samples and considers only local
information: the overall distribution of MinCSPs
is ignored. Hence, the synthetic samples tend to
be generated in areas where the MinCSPs are more
concentrated. As shown in Fig. 10b, the KDE of
synthetic MinCSPs differed significantly from that
of the original MinCSPs.

We also compared the interpolation perfor-
mance of OM-SMOTE with those of SMOTE-based
algorithms from the perspective of probability dis-
tribution. The comparative results are shown in
Figs. 10c and 10d. k-means SMOTE (Douzas et al.,
2018) avoids generating data in overlapping regions
by using clustering. However, due to its applica-
tion of SMOTE solely within minority-class clusters,
it still exhibited issues of exacerbating intra-class
imbalance and difficult-to-generate high-quality syn-
thetic samples. As shown in Fig. 10c, KDE of syn-
thetic MinCSPs deviated significantly from the orig-
inal data. Figs. 10d and 10e show that both G-
SMOTE (Douzas and Bacao, 2019) and LoRAS (Bej
et al., 2021) failed to address the problem of gener-
ating data in overlapping regions. The KDE graphs
show that the overlapping region was exacerbated.
It can also be seen that the synthetic MinCSPs gen-
erated by these algorithms tended to be located in
dense areas containing MinCSPs. Hence, the intra-
class imbalance will be further exacerbated by the
significant increase in synthetic MinCSPs. Fig. 10f
presents the oversampling results of the proposed
OM-SMOTE algorithm. In terms of space distribu-
tion, the OM-SMOTE algorithm avoided generating
data in overlapping regions as much as possible and
generated samples that were more evenly distributed
in the MinCSP region and had approximately con-
sistent KDE graphs with the original data.

Then we visualized the data transforming pro-
cess of the OAT method. For the aforementioned 2D
dataset, we used the OAT method to transform the
original data into a four-dimensional hidden space.
Figs. 11a and 11b show the data distribution for the
feature 1 and feature 2 dimensions, and feature 3
and feature 4 dimensions, respectively. The data
that were linearly indistinguishable in the original
space can now be better separated in the higher di-
mensional space. We found that the data overlap-
ping was alleviated in the higher dimensional space,
which validates the ability of the OAT algorithm to

map the data into a more separable space.
Finally, we visualized the interpolation results

of the RI mechanism in the hidden space. The syn-
thetic data generated using the RI mechanism are
presented in Fig. 12. For each dimension, the KDE
curves for synthetic MinCSPs (green curve) almost
fitted the original data (blue curve) for each fea-
ture. This verified that the synthetic MinCSPs gen-
erated by the RI mechanism have a probability dis-
tribution that is consistent with that of the original
data. Also, the interpolation mechanism avoided
generating data in overlapping regions. The afore-
mentioned experiments demonstrated that the OM-
SMOTE algorithm is reasonable for generating high-
quality synthetic data and has great potential to im-
prove a classifier’s imbalanced learning performance.

4.3 Effectiveness of the OM-SMOTE

In this experiment, we compared the imbal-
anced classification performance of the OM-SMOTE
algorithm with 11 SMOTE-based algorithms,
i.e., SMOTE (Chawla et al., 2002), Borderline-
SMOTE (Han et al., 2005), ADASYN (He HB
et al., 2008), Random-SMOTE (Dong and Wang,
2011), SMOTE-IPF (Sáez et al., 2015), AMSCO
(Li JY et al., 2018), k-means SMOTE (Douzas
et al., 2018), G-SMOTE (Douzas and Bacao,
2019), SyMProD (Kunakorntum et al., 2020),
LoRAS (Bej et al., 2021), and AE-ELM-SynMin
(He YL et al., 2022), based on four typical
classifiers, i.e., SVM, naive Bayes (https://scikit-
learn.org/stable/modules/naive_bayes.html), DT
(https://scikit-learn.org/stable/modules/tree.html),
and LR (https://scikit-learn.org/stable/modules/
linear_model.html). The implementation of
OM-SMOTE is shared publicly on the GitHub
platform (https://github.com/luxuan123123/OM-
SMOTE/).

We selected 32 imbalanced datasets, listed in
Table 2, to conduct the experimental comparison.
These experimental datasets can be obtained from
the KEEL repository.

For each dataset, we used a cross-validation
strategy to evaluate the performance of each algo-
rithm, where the performance was measured with
AUC, G-mean, F1, and accuracy. The experimental
steps are as follows:

Step 1: divide the dataset into two parts, 70%
for training and 30% for testing.
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Step 2: perform oversampling or hybrid-
sampling on the training set using OM-SMOTE and
other SMOTE-based algorithms.

Step 3: train a classifier based on the oversam-
pled or hybrid-sampled dataset generated by each
method in step 2.

Step 4: calculate the AUC, G-mean, F1, and

accuracy of the classifier generated by each method
based on the testing set.

Step 5: repeat steps 1–4 20 times and calculate
the average AUC, G-mean, F1, and accuracy values.

Tables S1–S16 in the supplementary materials
show the comparison results for the naive Bayes,
SVM, DT, and LR classifiers. It can be seen that
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Table 2 Details of 32 imbalanced datasets

Dataset
Number of
features

Number of
samples

Imbalance
ratio (%)

ecoli1 7 336 3.36

ecoli2 7 336 5.46

ecoli3 7 336 8.60

ecoli4 7 336 15.80

yeast1 8 1484 2.46

yeast3 8 1484 8.10

yeast5 8 1484 32.73

yeast-0-5-6-7-9_vs_4 8 528 9.35

yeast-1-2-8-9_vs_7 8 947 30.57

yeast-1_vs_7 7 459 14.30

yeast-2_vs_8 8 482 23.10

glass0 9 214 2.06

glass2 9 214 11.59

glass4 9 214 15.47

glass6 9 214 6.38

glass-0-1-6_vs_2 9 192 10.29

glass-0-1-6_vs_5 9 184 19.44

glass-0-4_vs_5 9 92 9.22

vowel0 13 988 9.98

new-thyroid1 5 215 5.14

shuttle-C0_vs_C4 9 1829 13.87

segment0 19 2308 6.02

vehicle0 18 846 3.25

page-blocks-1-3_vs_4 10 472 15.86

abalone9_18 8 731 16.40

abalone19 8 4174 129.44

abalone-3_vs11 8 502 32.47

abalone-21_vs_8 8 581 40.50

wisconsin 9 683 1.86

haberman 3 306 2.78

pima 8 768 1.87

winequality-red-3_vs_5 11 691 68.10

for the naive Bayes and DT classifiers, OM-SMOTE
achieved better average scores in terms of AUC,
G-mean, F1, and accuracy than the 11 SMOTE-
based algorithms. For the SVM and LR classifiers,
OM-SMOTE achieved better average scores in terms
of AUC, G-mean, and F1 than the 11 SMOTE-based
algorithms.

For accuracy, OM-SMOTE ranked third in SVM
and LR (only k-means SMOTE and SyMProD had
higher scores). We conducted an analysis of this
phenomenon, focusing on the SyMProD algorithm,
and found that although SyMProD performed bet-
ter in terms of accuracy, it had the worst AUC and
G-mean as shown in Tables S5–S8. For the yeast-
1-2-8-9_vs_7, glass2, glass-0-1-6_vs_2, abalone19,
and winequality-red-3_vs_5datasets, SyMProD ob-
tained a 0.500±0.000 score in AUC and 0.000±0.000
in G-mean and F1. This phenomenon occurred when
the classifier trained with the data generated by
SyMProD predicted all MinCSPs as MajCSPs (He

HB and Garcia, 2009). That is to say, the SyMProD
algorithm failed to handle the imbalanced classifica-
tion problems in some datasets when using the SVM
and LR classifiers.

We used critical difference (CD) diagrams
(Demšar, 2006) to perform a statistical analysis of
the experimental results. For a given significance
level of 0.1, the calculated CD value was 2.731. The
CD value is a statistical measure used in multiple
comparisons to determine the significance of differ-
ences in means between different groups. If the dif-
ference in means between two groups exceeds the CD
value, it can be considered statistically significant.
The CD diagram figures are shown in Figs. S1–S4 in
the supplementary materials, where an interval was
drawn around the average rank of the OM-SMOTE
algorithm. Then, any algorithm having a rank out-
side that area was significantly different from the
OM-SMOTE algorithm. In this type of diagram,
an algorithm that appeared more to the right has a
smaller average rank, which means that it has better
performance. Figs. S1 and S3 show the CD dia-
grams of OM-SMOTE and 11 SMOTE-based algo-
rithms for the naive Bayes and DT classifiers, re-
spectively. We can see that the ranks of the OM-
SMOTE algorithm corresponding to the AUC, G-
mean, F1, and accuracy were obviously smaller than
those of the 11 SMOTE-based algorithms. Figs. S2
and S4 show the CD diagrams of OM-SMOTE and
11 SMOTE-based algorithms for SVM and LR clas-
sifiers, respectively. We can see that the ranks of the
OM-SMOTE algorithm corresponding to the AUC,
G-mean, and F1 were obviously smaller than those
of the 11 SMOTE-based algorithms. In terms of ac-
curacy, for the SVM classifier, OM-SMOTE ranked
second, while SyMProD ranked first. For the LR
classifier, OM-SMOTE ranked third, while k-means
SMOTE and SyMProD achieved higher ranks. Ac-
cording to Figs. S1–S4, we can conclude that for
naive Bayes and DT, OM-SMOTE is significantly
better than the 11 algorithms in terms of AUC, G-
mean, F1, and accuracy; for SVM and LR, OM-
SMOTE was significantly better than other algo-
rithms in AUC, G-mean, and F1 score.

The experimental and statistical results indi-
cated that OM-SMOTE is a viable algorithm to han-
dle imbalanced classification problems.
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5 Conclusions and future work

In this paper, we proposed a novel overlapping
minimization SMOTE (OM-SMOTE) algorithm for
imbalanced classification problems. OM-SMOTE
was applied in two steps. First, a novel over-
lapping alleviation transformation (OAT) method
transformed the original data into a more separa-
ble space, and then a retreating interpolation (RI)
mechanism was used to avoid generating new data
in the overlapping region. Through extensive exper-
iments, we have demonstrated the algorithm conver-
gence, imputation visualization, and effectiveness of
the OM-SMOTE algorithm. Moreover, a statistical
analysis has shown that OM-SMOTE can help classi-
fiers perform significantly better for imbalanced clas-
sification tasks than 11 SMOTE-based algorithms.

In the future, we will focus on three directions.
First, we will generalize this algorithm to multi-class
classification problems. Second, we will consider in-
terpolation methods based on probability distribu-
tions to further improve the consistency between the
probability distributions of synthetic data and orig-
inal data. Third, we will investigate the integration
of this algorithm with random sample partition for
big data processing (Salloum et al., 2019).
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