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Abstract

A class imbalance problem occurs when a dataset is decomposed into one major-
ity class and one minority class. This problem is critical in the machine learning
domains because it induces bias in training machine learning models. One popular
method to solve this problem is using a sampling technique to balance the class dis-
tribution by either under-sampling the majority class or over-sampling the minor-
ity class. So far, diverse over-sampling techniques have suffered from overfitting
and noisy data generation problems. In this paper, we propose an over-sampling
scheme based on the borderline class and conditional generative adversarial net-
work (CGAN). More specifically, we define a borderline class based on the minority
class data near the majority class. Then, we generate data for the borderline class
using the CGAN for data balancing. To demonstrate the performance of the pro-
posed scheme, we conducted various experiments on diverse imbalanced datasets.
We report some of the results.
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1 Introduction

Classification is the task of identifying the class to which the given input data
belong [1]. So far, a variety of machine learning algorithms have been proposed
and exploited as classification models, and their classification performance has
consistently improved. Moreover, with the advent of deep learning algorithms,
such as multilayer perceptrons and convolutional neural networks, classification
accuracy has increased dramatically [2, 3].

However, to ensure such classification accuracy, it is essential to have a dataset
with a balanced class distribution for model training. When the dataset is imbal-
anced, machine learning algorithms cannot properly learn the data in a minority
class because the small portion of data in the minority class cannot fully repre-
sent various features of the class [4]. Furthermore, machine learning algorithms
tend to be biased toward data in the majority class, which is actually the majority
of the data [5]. Thus, in testing the trained models, their classification results are
most likely to be in the majority class even if minority class data are given as
input. This is called a class imbalance problem.

The class imbalance problem can be easily observed in real-world applica-
tions. For instance, suppose that we have data on patients who have undergone a
cancer screening test. Because the number of negative patients is far greater than
the number of positive patients, the data for the negative patients are generally
much larger than the data for the positive patients. If we train machine learning
algorithms using this dataset, the machine learning algorithms would be biased
toward the negative patients and hence cannot properly identify the positive
patients [6]. Similar situations occur in other fields, such as financial crime detec-
tion [7], customer demand detection [8], vehicle detection [9], and automatic
extraction of definitions from documents [10].

One popular method to alleviate the class imbalance problem is to use a data
sampling technique. This approach aims to balance the distribution of class data
by adjusting the number of data in either class. Depending on the class being
adjusted, it is divided into under-sampling and over-sampling techniques [11].

Under-sampling removes data in the majority class until the data size of the
majority class is equal to that of the minority class. Popular schemes for under-
sampling include random under-sampling and EasyEnsemble [12]. Random
under-sampling removes data in the majority class randomly. In contrast, Easy-
Ensemble creates several balanced data subsets by randomly selecting data from
the majority class and merging them with the minority class data. Then, this
method constructs an ensemble of classification models generated for each sub-
set. Under-sampling schemes improve classification performance, but they suffer
from information loss problems due to data removal [13].

Unlike under-sampling, over-sampling generates data for the minority class to
balance the distribution of the class data. Popular over-sampling schemes include
random over-sampling (ROS), synthetic minority over-sampling technique
(SMOTE) [14], adaptive synthetic sampling (ADASYN) [15], and borderline-
SMOTE (B-SMOTE) [16]. However, these over-sampling schemes also have their

@ Springer



BCGAN: A CGAN-based over-sampling model using the boundary... 10465

own limitations. ROS makes classification models overfitted to the training data
because it repeatedly generates the same data. On the other hand, the SMOTE-
based schemes such as ADASYN and B-SMOTE often cannot generate minority
class data effectively when neighbors of most minority class data are the majority
class data [17].

Recently, as the generative adversarial network (GAN) [18] has emerged as a
solution to the data shortage problem, various GAN-based schemes have been pro-
posed to resolve the class imbalance problem [19]. The GAN is a deep learning-
based generative model that estimates the probability distribution of the original data
and generates realistic data. Due to its superior data generation performance, GANs
have been used in diverse fields such as image generation [20], text generation [21],
and video generation [22], and they also have been employed for over-sampling to
generate realistic minority class data. GAN-based over-sampling methods have suc-
cessfully overcome the limitations of the traditional over-sampling methods because
these can generate minority class data based on the trained data distribution. The
conditional generative adversarial network (CGAN) [23], which is an improved ver-
sion of the GAN, has enhanced the classification performance further [24]. Unlike
the GAN, the CGAN requires a condition and uses the condition when generating
data. Thus, in model training, the CGAN learns all data in the training set because
it can identify classes by the given class condition, while the GAN learns only the
minority class data. This difference improves the quality of the data generation.

In this paper, we propose a novel over-sampling scheme based on the boundary
conditional generative adversarial network (BCGAN) to achieve better classification
accuracy compared to other over-sampling schemes. The BCGAN is a modified ver-
sion of the CGAN and consists of two steps. In the first step, a borderline minority
class is defined based on the minority class data near the decision boundary between
the majority and minority class data. In the second step, the BCGAN learns about
majority, minority, and borderline minority class data. For over-sampling, we gener-
ate data for the borderline minority class. Several studies have already adopted the
approach to use data near the decision boundary and have demonstrated its effective-
ness. However, to the best of our knowledge, combining the decision boundary and
the CGAN for data generation has not yet been reported. To demonstrate the effec-
tiveness of our scheme, we conducted several experiments and compared its perfor-
mance with other over-sampling schemes. We report some of the results.

The contributions of the paper are summarized as follows:

e We propose an over-sampling scheme based on CGAN. Unlike GAN, CGAN
can fully exploit all the data we have regardless of classes, which improves the
quality of the generated minority class data.

e We combine a GAN-based approach with a decision boundary concept. To the
best of our knowledge, this paper is the first work that considers both GAN and
the decision boundary concept.

e We demonstrate the superiority of the proposed scheme through extensive exper-
iments for 12 imbalanced datasets. In addition, we compare BCGAN-based over-
sampling scheme with traditional over-sampling methods and visualize the distri-
butions of the generated data.
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The rest of this paper is organized as follows. In Sect. 2, we introduce several
studies on over-sampling. In Sect. 3, we describe the details of the BCGAN and
BCGAN-based over-sampling scheme. In Sect. 4, we describe some experiments
that we performed for several datasets and present the experimental results. Lastly,
in Sect. 5, we conclude the paper.

2 Related works

Various over-sampling schemes have been proposed to deal with how to expand
minority classes. For instance, Chawla et al. [14] proposed an over-sampling method
called SMOTE, which selects sample data from a minority class, finds its neigh-
bors using the k-nearest neighbors (KNN) algorithm, and generates new data based
on the linear combination of the selected sample and its neighbors. These steps are
repeated until the number of minority class data are equal to the number of major-
ity class data. Based on SMOTE, Haibo et al. [15] presented ADASYN, which uses
the density of the minority class data. When selecting sample data from the minor-
ity class, ADASYN tends to choose the data surrounded by the majority class data.
Han et al. [16] proposed a variation of SMOTE, called B-SMOTE. Like ADASYN,
it has a different method for selecting sample data than SMOTE. It derives a deci-
sion boundary between the minority and majority class data and selects the minority
class data near the decision boundary. Similarly, Wang [25] applied SMOTE only
to the minority class support vectors derived from the training results of the biased
support vector machine (SVM) [26]. Such schemes became popular solutions to the
class imbalance problem because of their reasonable performance. However, they
sometimes generate majority class data rather than minority class data when neigh-
bors of most minority class data are the majority class data.

In contrast, Jo and Japowicz [27] proposed a clustering-based method. They per-
formed k-means clustering on the majority and minority class data and applied the
ROS to all the clusters until the total number of data in both classes was equal to
the product of the number of clusters and the number of data in the largest class. In
addition, Macia et al. [28] proposed a method of using a minimum spanning tree.
They constructed a minimum spanning tree containing all of the data and randomly
generated the data from a uniform distribution. They determined whether the gener-
ated data belonged to the minority class using the minimum spanning tree.

Over-sampling schemes can be combined with under-sampling schemes. For
instance, Batista et al. [29] proposed a method that uses SMOTE for over-sampling
and then performs under-sampling, such as Wilson’s edited nearest neighbor (ENN)
[30] and Tomek links [31]. This contributes to removing data that could be noise
when training classification models regardless of classes, hence reducing classifica-
tion errors. Further, Liu et al. [32] presented an ensemble-based method based on
both over-sampling and under-sampling. They over-sampled the minority class data
using SMOTE and under-sampled the majority class data to create subsets of major-
ity class data. Then, they trained several classification models using the subsets and
the over-sampled data and constructed an ensemble of the classification models.
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Recently, GANs have been employed to solve the class imbalance problem.
The GAN is a deep learning-based generative model that estimates the probabil-
ity distribution of the original data using neural networks [18] and has demon-
strated its superior performance of data generation [20, 21]. Using the GAN to
generate data, Fiore et al. [19] demonstrated the possibility of the GAN as an
over-sampling method by conducting experiments with financial data. Xie et al.
[33] achieved further improvement in the classification performance of the GAN-
based approach by adjusting the weight of each class in the discriminator loss.
Zhou et al. [34] improved the classification performance through preprocessing,
which transforms features into Gaussian distributions in the GAN training. In
addition, Mariani et al. [35] proposed a GAN-based over-sampling scheme that
initializes the discriminator using a pretrained autoencoder. Furthermore, Douzas
and Bacao [24] improved the classification accuracy of imbalanced data using the
CGAN, which is an extended version of the GAN. Due to the different structure
of these models, CGAN uses whole data, while GAN uses only minority class
data. Table 1 summarizes some of the related works. The decision boundary col-
umn in the table indicates whether the approach considers the decision boundary
between majority and minority class when generating data. Generating minority
class data near the decision boundary helps classification models find the deci-
sion boundary easily [16, 26], which has improved the classification performance.
In this paper, we define a borderline class using the minority class data adjacent
to the majority class data and intensively generate the borderline class data using
the CGAN to improve the classification performance.

Table 1 Summary of the introduced works

Category Approach Author Methodology Decision
bound-
ary

Over-sampling ~ KNN Chawla et al. [14] SMOTE (KNN and Linear combina- X

tion)

Haibo et al. [15] ADASYN (KNN and SMOTE) (0]

Han et al. [16] B-SMOTE (KNN and SMOTE) (0]

Wang [25] SMOTE and SVM (0]

GAN Fiore et al. [19] GAN X
Xie et al. [33] GAN X

Zhou et al. [34] GAN and Feature transform X

Mariani et al. [35] GAN and Autoencoder X

Douzas and Bacao [24] CGAN X

Etc Jo and Japowicz [27] k-means X
Macia et al. [28] Minimum spanning tree (0]

Hybrid sampling — Batista et al. [29] SMOTE, ENN, and Tomek link (6]
Liu et al. [32] SMOTE and Ensemble X
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3 Proposed scheme

In this section, we describe the details of our proposed scheme. We first introduce
the CGAN and then describe how to define a borderline minority class. After-
ward, we present the overall steps for over-sampling using the CGAN and border-
line minority class.

3.1 Conditional generative adversarial network

The GAN is a deep learning-based generative model that consists of two net-
works, a generator G and a discriminator D. The discriminator determines
whether the given data are real or fake and returns a value of 1 if real data are
given and O otherwise. The generator generates realistic data so that the discrimi-
nator regards the generated data as real data. Owing to these adversarial purposes,
they compete during training, and the objective function of the GAN, V(D, G), in
Eq. (1) describes these purposes mathematically. In the equation, pg,., represents
the distribution of the real data, and x is the data sample drawn from p,,. Simi-
larly, p, represents the noise distribution, and z is a noise sample from p,:

V(D,G) = E,., [logD)] +E,., , [log(l = D(G(Z)))] (1)

From the perspective of the discriminator, V(D, G) should be maximized so
that D(x) and D(G(z)) become 1 and 0, respectively. For the generator, V(D, G)
should be minimized to set D(G(z)) to 1. Thus, GANs are described as if the gen-
erator and the discriminator play a minimax game. The two individual networks
update their parameters alternately corresponding to their purposes, and at the
end of the training, the generator can generate realistic data.

The CGAN, which is an extended version of the GAN, has a similar structure
and learning process. The only difference between them is that the generator and
discriminator of the CGAN consider the given conditions. Eq. (2) presents the
objective function of the CGAN, Vigan(D, G). This function is similar to the
objective function of the GAN, but condition y is added, affecting the output of
both the generator and discriminator. Thus, the generated data are controlled by
y. Owing to this property, the CGAN can be trained with y as class labels and be
used as an over-sampling scheme by generating the minority class data under the
condition that y is a minority class:

Veaan(D.6) = Eyp, [logDx1Y)]

2
+E., (y-p, [l08(1 = DG @
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3.2 Borderline minority class

For the more effective generation of data, we defined a borderline minority class
using minority class data near the decision boundary. Many machine learn-
ing algorithms for classification have aimed to determine a decision boundary
between classes to improve classification accuracy. In the same context, several
previous studies for over-sampling have taken a similar approach of using the
decision boundary. They found an estimated decision boundary and exploited the
data near the decision boundary in generating minority class data. They reported
a significant improvement in classification performance [16, 26].

Motivated by these studies, we also searched for minority class data near the
decision boundary, replicated them, and labeled them with a new class called the
borderline minority class. In selecting the borderline minority class data, we used
the borderline sample selection method of B-SMOTE, as shown in Algorithm 1. For
each data sample in the minority class a;, we derived its k-nearest data samples f(a;)
from all data using the KNN algorithm.

In f(a;), we count the number of data samples that belong to the majority class. If
this number is greater than or equal to k/2 and less than k, we regard a; as the border-
line minority class data. Otherwise, we consider that a; is far from a decision bound-
ary or is fully surrounded by the majority class data. As a result, a set of the border-
line minority class data contains minority class data near the decision boundary. By
training a CGAN using the minority, majority, and borderline minority classes, we
can obtain the BCGAN.

Algorithm 1 Borderline Minority Class Selection
A ={ay,a,,a3,,a,}: Set of minority class data
B = {b4, by, b3, -+, by, }: Set of majority class data
C = @: Set of borderline minority class data
f(a;): Set of k-nearest neighbors of a;
N(S): The number of data in set S
for i=1 to N(4) do

if N(f(a;) N B) 2 Zand N(f(a;) N B) < k

C=CuU {ai}

end if

end for

3.3 Over-sampling using the boundary conditional generative adversarial
network

Next, we describe the overall steps for BCGAN-based over-sampling. First, we
determined the borderline minority class data using the steps in Sect. 3.2. Then,
we obtained the BCGAN by training a CGAN using the majority, minority,
and borderline minority classes. Figure 1 illustrates the overall flow for train-
ing BCGAN. The steps are as follows: (1) Randomly selected noise z and class
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Generator Discriminator
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Fig. 1 Schematic of boundary conditional generative adversarial network (BCGAN) training

conditions y from the Gaussian distribution were concatenated and then given to
the generator. (2) The generator generated fake data X, based on the input (z, y).
(3) The data X, and y were concatenated. (4) Real data X, whose class is y, were
selected from a dataset and concatenated with y. (5) Both (Xg, ) and (X, y) were
given to the discriminator. (6) The discriminator distinguished between X, and X,
based on y. (7) According to the objective function of the CGAN, the generator
and discriminator updated the parameters in turn. (8) We repeated steps 1 to 7
until the end of the training.

Once the BCGAN is trained, then over-sampling can be carried out using
the generator of the BCGAN. Figure 2 lists the steps for this. (1) A noise z was
selected randomly from the Gaussian distribution, and class condition y was set
as a boundary minority class. (2) The variables z and y were concatenated and
then input into the generator. (3) The generator generated fake data X, based on
the input (z, y). (4) Steps 1 to 3 were repeated until the number of generated data
reached the difference in the data numbers in each class. (5) The generated data
merged with the minority class data. When we obtained a balanced dataset after
this over-sampling process, we used this dataset to train classification models.

Generator
7 >} G — Xg —_
we T @Y
Noise ;y Fake data
Classification o
Training — ClaSSlf er
—

y

Borderline minority ™ . ~
: Real data = : Concatenate
class data |

Fig.2 Classification of the boundary conditional generative adversarial network (BCGAN)
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4 Experimental results
4.1 Conditional generative adversarial network

To evaluate the performance of our BCGAN-based over-sampling scheme, we col-
lected 12 imbalanced datasets from diverse domains and conducted diverse classi-
fication tasks depending on the dataset domain. Table 2 lists some details of the
collected datasets, which include the major features and the number of data features,
data items, major class data, minor class data, and classification tasks.

4.2 Experimental setup

For the performance evaluation of our BCGAN-based over-sampling scheme, we
conducted the following three experiments: (1) performance improvement in classi-
fication using the BCGAN-based over-sampling scheme, (2) comparison with other
over-sampling schemes, and (3) distribution of the data generated by the BCGAN.

All experiments were done in Python 3.5 with several libraries, including scikit-
learn 0.19.1, TensorFlow 1.7, and imblearn 0.4.3. Most hyperparameters used in the
over-sampling schemes were set empirically. In the case of SMOTE, B-SMOTE, and
ADASYN, we set k=35. In the case of the GAN, CGAN, and BCGAN, the numbers
of hidden layers in the generator and discriminator were two (the number of nodes
in each layer: 15-15), and the activation function was a rectified linear unit [48]. The
activation function in the output layer was sigmoid function, and the optimizer used
was Adam [49] with a learning rate of 0.001. Further, the batch size was set to 100.
In the BCGAN, we set k to 5 to determine the borderline minority class data. The
hyperparameters of the classification models were fixed during all experiments for
fair comparison as follows. For the SVM, the regularization parameter was set to
1.0, and the kernel was the radial basis function. In the random forest (RF) method,
the number of trees was 100, and the Gini index was used as an index of impurity.
The setting of the multilayer perceptron (MLP) model was the same as the BCGAN,
except that the MLP model had three hidden layers (the number of nodes in each
layer: 25-10-5). Any hyperparameters not mentioned here followed the default set-
ting of the scikit-learn library.

4.3 Data augmentation using the boundary conditional generative adversarial
network

In the first experiment, we demonstrated the improvement in the classification per-
formance due to the BCGAN-based over-sampling scheme. To do that, we first
divided each dataset into training and testing sets at a ratio of 7:3 and augmented the
training set using the BCGAN-based over-sampling scheme. Using the original and
augmented training sets, we trained popular classification models, such as the SVM,
RF [50], and MLP [51], and measured their area under the curve (AUC) for the
testing set. Then, we repeated this process ten times to obtain an average AUC. The
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AUC is the area under the line describing the dependence of a true positive rate on
a false positive rate. A higher AUC indicates better performance of a classification
model. If the AUC of a classification model is close to 0.5, it is considered to have
performance similar to selecting a class at random. The AUC is a popular metric
for evaluating the performance of classification models for imbalanced data [6]. We
measured the AUC with and without the BCGAN-based over-sampling scheme and
represented the degree of improvement by the ratio.

Figure 3 illustrates the experimental results. In the figure, the x-axis represents
the classification models per dataset, and the y-axis represents the improvement in
the AUC in percentage. All the classification models demonstrated improvement in
the AUC when they were trained using the augmented data from the BCGAN-based
over-sampling scheme. For example, the BCGAN achieved an average performance
improvement of over 30% in all classification models for the surgery and bio data-
sets; particularly, RF achieved about a 40% performance gain. For the yeast and
CMC datasets, our over-sampling scheme achieved relatively significant improve-
ment in classification performance but showed relatively marginal performance
improvement in the RF. Our scheme exhibited the least improvement for the pay
dataset, which was lower than 2%. The improvements in other datasets such as the
breast and wine datasets were also not great. However, considering the high AUC of
the classification models based on the original datasets, this level of improvement is
meaningful.

4.4 Comparison with other over-sampling schemes

In the second experiment, we compared the BCGAN-based over-sampling scheme
with other over-sampling schemes, including ROS, SMOTE, B-SMOTE, ADASYN,
GAN-based over-sampling (GAN), and CGAN-based over-sampling (CGAN). This
experiment was conducted under the same conditions as the first experiment except
for the improvement calculation. In addition, we conducted the Wilcoxon signed-
rank test [52] to validate the improvement in our over-sampling scheme.

Table 3 reveals the AUC comparison of seven over-sampling schemes with a base-
line. In the table, “Base” means the AUC of the classification models constructed

45-
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Fig. 3 Area under the curve (AUC) improvement in classification models
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Table 3 Performance comparison of over-sampling schemes

Dataset Model Base ROS SMOTE B-SMOTE ADASYN GAN CGAN BCGAN

Breast SVM 09847 0.9943 0.9943  0.9938 0.9943 0.9987 0.9992 0.9996
RF 0.9299 0.9810 0.9830  0.9795 0.9798 0.9995 0.9993 0.9993
MLP 09847 0.9799 0.9819  0.9807 0.9803 0.9988 0.9982 0.9989
WDBC SVM 09511 0.9501 0.9509  0.9429 0.9497 0.9962  0.9967 0.9967
RF 0.9749 09670 0.9655  0.9692 0.9585 0.9978 0.9969 0.9979
MLP  0.9068 0.9855 0.9860  0.9828 0.9775 0.9965 0.9995 0.9998
Wine SVM  0.9739 0.9888 0.9869  0.9831 0.9866 0.9856 0.9957 0.9973
RF 0.9863 0.9915 0.9910  0.9898 0.9905 0.9919 0.9949 0.9966
MLP 09565 0.9947 0.9945  0.9937 0.9935 0.9848 0.9959 0.9961
Letter SVM 09150 0.9550 0.9573  0.9416 0.9448 0.8713 0.9340 0.9756
RF 0.9380 0.9564 0.9558  0.9538 0.9551 0.9793 0.9974 0.9977
MLP 09779 0.9661 09728  0.9710 0.9749 0.9882 0.9965 0.9973
Surgery SVM  0.5000 0.6300 0.6469  0.6228 0.6051 0.5861 0.5768 0.5827
RF 0.4821 0.5271 0.5309  0.5128 0.5211 0.6820 0.6454 0.6720
MLP  0.5000 0.5418 0.5941  0.5991 0.6233 0.5311 0.6221 0.6685
Yeast SVM  0.5508 0.6779 0.6798  0.6732 0.6745 0.6532 0.6957 0.7226
RF 0.6923 0.7112 0.7050  0.7050 0.7103 0.7711 0.7728 0.7720
MLP 0.7021 0.7099 0.7125  0.7067 0.7012 0.7369 0.7662 0.7794
CMC SVM  0.5531 0.6369 0.6414  0.6405 0.6425 0.6401 0.6836 0.6959
RF 0.6135 0.6229 0.6243  0.6134 0.6071 0.6532  0.6389 0.6606
MLP  0.5561 0.6400 0.6321  0.6363 0.6313 0.6908 0.6959 0.7067
Card SVM 09121 0.9510 0.9543  0.9528 0.9517 0.9415 0.9534 0.9534
RF 0.8532 0.8592 0.8671  0.8491 0.8571 0.8570 0.8780 0.9010
MLP 09329 0.9591 0.9613  0.9592 0.9643 0.9650 0.9710 0.9750
Email SVM 04953 0.6312 0.6313  0.6362 0.6334 0.6292 0.6321 0.6324

RF 0.5662 0.5623 0.5592  0.5621 0.5582 0.5631 0.5881 0.5942
MLP  0.5644 0.6261 0.6154  0.6340 0.6313 0.6323 0.6372 0.6471
Tel SVM  0.6972 0.7843 0.7844  0.7854 0.7823 0.6312 0.7791 0.7764
RF 0.7710 0.7712 0.7633  0.7661 0.7671 0.7711 0.7731 0.7784
MLP  0.7531 0.7790 0.7812  0.7811 0.7812 0.7793 0.7892 0.7923
Bio SVM  0.5212 0.5113 05114 0.7311 0.5513 0.5632  0.7011 0.7172
RF 0.5231 0.7341 0.7421  0.7354 0.7322 0.7312  0.7320 0.7382
MLP  0.5920 0.6963 0.7172  0.5431 0.7251 0.7231 0.7812  0.7923
Pay SVM  0.7151 0.7290 0.7310  0.7371 0.7360 0.7191 0.7212  0.7244

RF 0.7512 0.7491 0.5560  0.5213 0.5181 0.7062 0.7450 0.7552
MLP 0.7582 0.7554 0.7652  0.7611 0.7693 0.7663 0.7752 0.7831

Bold values indicate the best AUC value among those of the comparison models

using the original data. The calculated standard deviations can be found in the tables
of Appendix 2. Figures 4 and 5 graphically present the AUC comparison of seven
over-sampling schemes for the datasets. Overall, the BCGAN outperforms other
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over-sampling schemes. In particular, the BCGAN achieved the best performance on
the WDBC, wine, letter, and CMC datasets in all the classification models. On the
breast and yeast datasets, the BCGAN could not completely outperform other over-
sampling schemes. More specifically, the BCGAN exhibited better performance
than other over-sampling schemes for the SVM and MLP, and the second-best per-
formance for RF. The BCGAN drastically improved the AUC of the RF and MLP
in the card, email, tel., bio, and pay datasets. For the SVM, the BCGAN was ranked
below SMOTE or B-SMOTE. However, the differences between the BCGAN and
these schemes were marginal, considering the differences in other datasets and other
classification models. Lastly, in the surgery dataset, the BCGAN demonstrated infe-
rior performance for the SVM, while it achieved the best AUC for the MLP. To sum-
marize, the BCGAN could be an outstanding over-sampling scheme compared to
other over-sampling schemes regardless of the classification models to be used. In
particular, when the MLP is used as a classification model, significant performance
improvement in the classification can be expected.

Further, we performed the Wilcoxon signed-rank test to verify that the BCGAN-
based over-sampling is the best among the over-sampling schemes considered in this
paper. The Wilcoxon signed-rank test examines the null hypothesis that no differ-
ence exists between the two given cases [53]. If the p value is below the significance
level, the null hypothesis is rejected, indicating that a difference exists between the
cases. In this experiment, the significance level was set to 0.05, and the results of the
Wilcoxon signed-rank test are listed in Table 4. The p value in all cases is below the
significance level. B-SMOTE has the largest p value, but this value is much smaller
than 0.05. This proves that the BCGAN is superior to other conventional over-sam-
pling schemes.

4.5 Comparison of original and generated data

In the third experiment, we investigated the distribution of the generated data using
the principal component analysis (PCA) method [54]. If the BCGAN is trained well,
it should be able to generate the minority class data near the majority class. How-
ever, it is not easy to visualize the data distribution precisely because the number
of features in each dataset is high dimensional (i.e., greater than three). Thus, we

Table 4 Wilcoxon signed-rank test results

Over-sampling schemes p value (<.05)
Random over-sampling (ROS) 1.885% 1077
Synthetic minority over-sampling technique (SMOTE) 3.557x 1077
Adaptive synthetic sampling (ADASYN) 9.172x 1077
Borderline-SMOTE (B-SMOTE) 1.656x 1076
Generative adversarial network (GAN) 8.930x 1077
Conditional generative adversarial network (CGAN) 1.620x 1076

@ Springer



10478 M. Son et al.

Dataset Original Initial stage = Mid-term stage Terminal stage

Breast g«

R R N LRy T ) O TR Ty

PCA, PCA,

<
“
WDBC §
o
PCA, PCA, PCA, PCA,
. \ y
. & &
Wine § \ S
. \ "
. o
PCA,; PCA;

Letter §-

PCA, PCA, PCA,

Card 3.

ek iaad o ey (O

PCA, PCA, PCA, PCA,

Fig.6 Distribution of data by the BCGAN for datasets with a base area under the curve (AUC)>0.9

reduced the feature dimension using the PCA and illustrated the distribution of the
dimension-reduced data.

Figures 6 and 7 depict the distribution of the data generated by the BCGAN. To
set the training process step by step, we divided the entire training process into three
stages: the initial, mid-term, and terminal stages. As mentioned, we used the PCA
for visualization and represented the data distribution using 2D space comprising
the first and second principal components. In the figures, PCA; and PCA, on the
x- and y-axes represent the first and second principal components, respectively. For
comparison, we performed the PCA on the original and generated data. In the figure,
the blue circles, red triangles, and green circles represent the minority class data,
majority class, and borderline minority class generated by the BCGAN, respectively.
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Figure 6 displays the distribution of datasets with base AUCs larger than 0.9.
As the training progresses, the distribution of the generated data became increas-
ingly similar to that of the minority class data. In particular, the BCGAN generated
minority class data near the majority class data, which was the goal of the BCGAN
that generates data near the decision boundaries.

Meanwhile, Fig. 7 illustrates the distribution of datasets whose base AUCs were
less than 0.9. Overall, the distribution of the generated data is similar to that of the
minority class data. However, compared to the previous datasets, the generated data
follow the distribution of the original data less accurately. The reason for this is that
the size of the minority class is too small for the BCGAN to learn its characteristics
or that the minority class data do not have sufficient features to discriminate between
the two classes.

5 Conclusion

In this paper, we proposed a novel over-sampling scheme using BCGAN to solve the
class imbalance problem in the classification tasks. The BCGAN generated minority
class data along the decision boundary between the majority and minority classes
to improve the classification performance. To demonstrate the effectiveness of our
proposed scheme, we conducted experiments including data generation for various
imbalanced datasets and compared the performance of popular classification mod-
els. The experimental results demonstrated that the BCGAN-based over-sampling
scheme could effectively generate minority class data and have popular classifica-
tion models achieve an improved classification accuracy up to about 40% using such
augmented data. In addition, we compared the BCGAN-based over-sampling with
other over-sampling methods. We showed that the BCGAN-based over-sampling
over-sampling scheme achieved statistically significant improvement in performance
by conducting the Wilcoxon signed-rank test.

In future work, we will research to determine the optimized k values for each data
point in the algorithm to find the borderline minority class. In addition, we will con-
sider more datasets from diverse domains to increase the versatility of our scheme.

Appendix 1: Correlation matrices of datasets

For better understanding of the datasets used, we present the correlation matrices of
each dataset. Figure 8 describes the obtained correlation matrices with heatmap.

In the figure, each cell indicates the correlation between features in x-axis and
y-axis by color. The closer the color is to dark blue, the higher the correlation value.
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Appendix 2: Detailed results of Sect. 4.4

We present the more detailed results of the experiment in Sect. 4.4. Tables 5 and
6 show both averages and standard deviations of the obtained AUC. In each cell,
the left value is the average AUC, and the right value is the standard deviation. We
omit the standard deviations of the “Base” case because we did not conduct over-
sampling in this case.
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