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Abstract

With the continuous development of human life and society, the medical field is constantly improving. However, modern
medicine still faces many limitations, including challenging and previously unsolvable problems. In these cases, artificial
intelligence (AI) can provide solutions. The research and application of generative adversarial networks (GAN) are a clear
example. While most researchers focus on image augmentation, there are few one-dimensional data augmentation
examples. The radiomics feature extracted from RT and CT images is one-dimensional data. As far as we know, we are the
first to apply the WGAN-GP algorithm to generate radiomics data in the medical field. In this paper, we input a portion of
the original real data samples into the model. The model learns the distribution of the input data samples and generates
synthetic data samples with similar distribution to the original real data, which can solve the problem of obtaining
annotated medical data samples. We have conducted experiments on the public dataset Heart Disease Cleveland and the
private dataset. Compared with the traditional method of Synthetic Minority Oversampling Technique (SMOTE) and
common GAN for data augmentation, our method has significantly improved the AUC and SEN values under different data
proportions. At the same time, our method has also shown varying levels of improvement in ACC and SPE values. This
demonstrates that our method is effective and feasible.

Keywords Generative adversarial networks - SMOTE - Medical data augmentation - Deep learning - Artificial intelligence

1 Introduction

Radiomics features are widely used by the researchers to
quantitative analysis of medical images such as computed
tomography (CT) (Bhandari et al. 2021) and magnetic
resonance imaging (MRI) (Feng and Ding 2020). However,
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there are multiple challenges associated with radiomics, in
particular, with the radiation pneumonia diagnosis use
case. Among them, the most difficult point is the problem
of medical data collection.

Collecting medical data is a complex and expensive
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It is widely recognized that a large number of data
samples is required for training a deep learning (DL)
model. For example, the ImageNet Dataset (Deng et al.
2009) has 14,197,122 images and the COCO Dataset (Lin,
et al. 2014) has about 300,000 images. However, many
challenges need to be addressed: a small number of eligible
samples in case of a rare disease, the complexity of the data
collection process, and the fact that the collected data is
often insufficient for model training and may be
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imbalanced (Wasikowski and Chen 2009; Longadge and
Dongre 1305). How to train robust DL models in the
presence of limited data is still under investigation.

The oversampling method is one of the most popular
methods to address data imbalance. The oversampling
technique can increase the number of data sample to
achieve a positive and negative sample balance for the
training of the model. SMOTE is one of a widely used
traditional oversampling methods (Barua et al. 2012;
Chawla et al. 2002; Das et al. 2014). It can generate
minority class samples along a line segment between the
real minority class instances and the nearest minority class
neighbors. It is used to effectively expand the few-shot
dataset to form a balanced training set for the machine
learning (ML) and DL model.

However, under the influence of noisy samples, SMOTE
has many limitations (Douzas et al. 2018). For example,
the generated data samples may influence the classification
accuracy. The process of generating minority class samples
using SMOTE does not consider the distribution of
majority class samples, and the possibility of overlap
between classes increases when samples from class
boundaries are used to synthesize new samples.

With the development of computer science, the gener-
ative adversarial networks (GANs) (Goodfellow 2014)
which consist of a Generator (G) and a Discriminator
(D) based on the idea of zero-sum games (Gillies 2016)
were proposed. In recent years, many studies have used
GANSs for medical image data augmentation, such as lung
nodule synthesis (Shen et al. 2023; Wang et al. 2022; Tyagi
and Talbar 2022) Disease Classification (Chen et al. 2020;
Qin et al. 2020; Rashid et al. 2019; Srivastav et al. 2021),
and Gastric Cancer Detection (Kanayama et al. 2019).
However, GANs are often applied to two-dimensional or
three-dimensional medical image data augmentation, but
fewer researchers have discussed one-dimensional clinical
data augmentation with GANSs, like radiomics features (Li
et al. 2022) and clinical features. For the 1D clinical data,
each individual value has a practical clinical meaning
which is significantly different from 2D or 3D image data.
Besides, there are still some challenges existing in the 1D
clinical data augmentation. GANs tend to overfit the data
distribution when augmenting 1D clinical data, ignoring
the meaning of each specific value. The radiomics feature
extracted from RT and CT images is 1D data. As far as we
are concerned, deep learning-based radiomics data aug-
mentation has not been investigated yet, not to mention
GAN-based methods. To fill this research gap, we propose
a novel 1D Wasserstein Generative Adversarial Network
(WGAN) model that can efficiently generate desired sam-
ples. The reason is that our model fully takes into account
the features of the original data, and it compresses and
reconstructs features effectively.
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The main contributions of this paper are as follows.

We propose a novel WGAN-GP-based model for aug-
menting 1D clinical data to address the imbalance problem
of the few-shot dataset. Experiments are on the public
dataset Heart disease Cleveland (Detrano et al. 1984;
Marateb and Goudarzi 2015) and an independent real-
world dataset, radiation pneumonitis (Zhang et al. 2022).
We demonstrate that our WGAN-GP model can generate
data that improves the classification performance of the
algorithm compared to SMOTE and common GAN when
there are few samples.

2 Related work

It is well known that training a model with unbalanced data
can lead to poor performance, especially for predictions in
categories with few samples. However, unbalanced data
are universal in medical diagnosis. Therefore, it is espe-
cially important to choose a proper oversampling method
to augment and balance the collected data.

GANs are based on an unsupervised deep learning
paradigm. The function of G is to receive random noise Z
and generate data samples similar to real data samples, and
the D has access to the real and synthetic data instances and
tries to tell the difference between them. They are trained
by adversarial learning in separate alternating iterations. In
the training process, G’s goal is to generate as many data
samples similar to real data samples as possible to deceive
D, while D’s goal is to separate the data samples generated
by G from the real data samples as much as possible. In this
way, G and D constitute a dynamic “game process.” GAN
was first proposed by Goodfellow et al. (2014). However,
the earliest GAN models had shortcomings such as non-
convergence, gradient disappearance, training crash,
instability, and uncontrollability.

WGAN (Arjovsky and Bottou 2017; Arjovsky et al.
1701) uses Wasserstein distance to measure the distance
between the generated distribution and the true distribution,
solving the problem of training instability. However,
WGAN still has the problems of difficult training and slow
convergence. Therefore, Gulrajani I et al. proposed
WGAN-GP (Gulrajani et al. 2017), which uses gradient
penalty instead of weight clipping to achieve the Lipschitz
constraint (Cui and Jiang 2017). The training process of
WGAN-GP is more stable, and the problem of gradient
explosion and disappearance will not occur. The image
quality generated by WGAN-GP is also better than
WGAN.

GANs have been widely used in the area of medical
image data augmentation. Jin et al. (2018) used a 3D GAN
to effectively learn lung nodule property distributions in
3D space, enabling GAN to generate lung nodule images.
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The robustness of the progressive holistically nested net-
work (P-HNN) model for pathological lung segmentation
of CT scans was improved by supplementing the original
dataset with the generated images. Bhagat et al. (2019)
proposed a data augmentation method using GANs to
generate chest X-ray images of pneumonia patients, which
significantly improved the classification accuracy of clas-
sification models. Kanayama et al. (2019) synthesized
gastric cancer images by GANs were used to improve the
training set imbalance and trained the gastric cancer
detection model using the synthesized images, which led to
improved performance of the model. Uzunova et al. (2019)
generated large high-resolution 2D and 3D images using
GANSs. Their scheme enables better image quality and
prevents patch artifacts compared to patch-based approa-
ches. In recent years, several studies have proposed the use
of GANSs for the enhancement of skin disease data to aid in
diagnosis (Chen et al. 2020; Rashid et al. 2019; Yang
2021).

GANSs are also used to generate one-dimensional med-
ical data or audio. A WGAN model was proposed by
Chang et al. (2021). This model can learn the statistical
characteristics of the wrist pulse signal and increase the
size of the original dataset by generating samples with
good fidelity. Lan et al. used the short-time Fourier trans-
form (STFT) to obtain the coefficient matrix from the one-
dimensional heart rate signal and then trained the GAN
model using different heart rate signal samples to generate
samples, which alleviated the problem of insufficient
samples for multiple arrhythmias (Lan et al. 2020). A
similar study is the WGAN model proposed by Munia et al.
(2020) for synthesizing ECG data.

3 Our approach
3.1 Generator

A relatively simple and efficient network structure was
designed. The design concept still followed the basic idea
of the original WGAN. The generator G was still built with
full connection neural networks. The difference is that we
reduced the number of channels in each layer, and added
Batch Normalization (BN) layer and LeakyRelu activation
function between layers. First, the dimension of the input
data was expanded to ensure that all of the features can be
expressed fully. Then, the features were compressed in
order to retain the most effective features, which is the
feature extraction process. Sigmoid activation function was
used before the final output layer to activate the network
output and the network output value was compressed to
between 0 and 1. The final network output dimension is

206, which is the characteristic number of our real data
samples.

3.2 Discriminator

Similarly, the design of the D follows the idea of original
WGAN. However, given the small size of dataset, D
employs a simple three-layer full connection neural net-
work, with a LeakyRelu activation function added within
layers. It is worth noting that the last layer of our D does
not contain any activation function. The dimensions of D’s
input x and G(z) are 206, while its output dimension is 1.
As a result, during the training process, the loss function of
the D, i.e., the GP part, was added with a gradient penalty
in order to make the D satisfy Lipschitz continuity
(Arjovsky and Bottou 2017; Arjovsky et al. 1701; Gulra-
jani et al. 2017). The advantage of adding the GP part to
the loss function is that the D’s L2 Norm relative to the
original input gradient can be constrained near 1 (bilateral
constraint), allowing a better model to be trained. The
structure of WGAN-GP network is shown in Fig. 1.

3.3 The training process

In the training process, G’s goal is to generate as many
false positive data samples similar to real positive data
samples as possible to deceive D, while D’s goal is to
separate the data samples generated by G from the real data
samples as much as possible. Therefore, the D was trained
first. The specific operation was to feed the D the original
real positive data samples and false positive data samples
generated by random noise for discrimination and calcu-
lated the D’s loss value for back-propagation. After that,
every five rounds, the G was trained. The specific operation
was to feed the false positive sample generated by random
noise into the D for discrimination, and then, the G’s loss
value would be calculated for back-propagation. The model
was trained such that the value of the loss function mini-
mizing the D and G is close to 0 or hovering around 0. The
training process is shown in Fig. 2.

3.4 Loss function

The Wasserstein distance also called Earth-Mover (EM)
distance is used to measure the distance between two dis-
tributions. P, is the distribution of real sample, P, is the
distribution of generated sample. I1(P,, P,) is the set of all
possible joint distributions combined by P, and P,. For
each possible joint distribution y, a pair of real data sam-
ples x and y can be obtained from it, and the distance
|l —y|| between the two samples can be calculated.
Therefore, the expectation value of the real data sample
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Noise Z.

Generator

Fig. 1 The structure of WGAN-GP. This structure consists of two
parts: Generator and Discriminator. Their composition is full
connection neural network, and the number of neurons in each layer
can be adjusted dynamically. Generator’s input is a vector of random

RD ‘
Start | Data processing
CcT

X
True Positive Data } ‘

Output

206

Discriminator

noise z, and the output is the false positive sample generated by the
generator. Then, this output is also used as an input to the
discriminator to determine the degree of similarity between the
original real data sample

WGAN Output

‘ WGAN G D

Fig. 2 The training process. This figure depicts our training process
from left to right. First, the data are preprocessed. Then, the vector of
random noise z was used as input to generate realistic data. The
distance between real and generated data was calculated as loss to

pair on the distance can be calculated under the y joint
distribution. Among all possible joint distributions, the
lower bound of the expectation is the Wasserstein distance.
The Wasserstein distance equation is as follows:

W(prvpg) = o l_lln(fp ) )E(x,y)N}’[”x _y”] (1)

The advantage of the Wasserstein distance over the
Kullback—Leibler (KL) divergence and the Jensen—Shan-
non (JS) divergence is that even if the distributions of the
two data samples do not overlap or overlap little, it can still
reflect their similarity. In this case, JS divergence and KL
divergence cannot calculate their similarity in time.
According to the Kantorovich—Rubinstein Dual theory, the
equivalent form of the Wasserstein distance can be
obtained:

W(PP) =~ sup Evoplf(0)] — Eerf®)] ()
Izl <K

K is the Lipschitz constant of function f(x). In fact, we
don’t care about the specific K value, as long as it is not
positive infinite, because it will only make the gradient K
times larger and will not affect the direction of the gradient.
Eq. (2) means that when the Lipschitz constant ||f]|, of
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train our WGAN-GP model. Finally, the generator of WGAN-GP
model can generate a corresponding number of false positive data
samples

function f is smaller than K, all possible f are the upper
bound of E,.p, [f, (x)] — Ex~p,[f,,(x)], then divided by K.
In particular, when using a set of parameters w to define f,,,
the above equation can be approximately calculated in the
following form:

K -W(P, Pg) ~ max  Eyp,[fu(x)] = Exwp,[fu(x)]

wilifll <K
(3)

In this way, f,, can be defined by using deep neural
network and highly approximately satisfies the condition
sup required by Eq. (2). Next, when limiting w to a
lIFll. <K
certain range, the discriminative network f,, with parame-
ters w and its last layer is not a nonlinear activation layer
can be constructed. Here is the D’s loss formula:

L= Ex~P,. w(x)] - EXNPg [fw(x)] (4)

In this way, the loss functions of the G and D are
obtained separately:

Ever [ful0) (5)
Ever, [ ()] = Eveop, [ (4] (6)
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3.5 The function of the GP part

The weight clipping strategy is to limit the weight of the D
to a range, such as [—0.01, 0.01], to ensure that the weight
of the D will not change significantly. Therefore, the
condition of Lipschitz continuity will be satisfied. How-
ever, the weight clipping strategy has two limitations. One
is the D’s parameters can easily be taken as 0.01 or —0.01.
As a result, the strong fitting ability of D is wasted. The
another is that the gradient clipping strategy can easily lead
to gradient explosion.

In fact, GP part on D and weight clipping strategy play
the same role. The GP part is the gradient constraint. Based
on the above, the GP part can be defined as:

PEcr | (IV £ @l1=17) (7)

The 4 is a hyperparameter and the penalty is on the
random samples x ~ Py ||V.f,,(x)||, is the L2 norm of the
x’s gradient, and it will be constrained around 1. For D, the
L2 norm of the x’s gradient will be constrained around 1
with the training process. Therefore, the GP part only takes
effect in the area where the true and false samples are
concentrated and the transition zone in the middle of the
true and false samples. As a result, the gradient is very
controllable and easy to adjust to the appropriate scale.
Therefore, the GP part can significantly improve the
training speed and solve the problem of slow convergence
of the original WGAN. It should be noted that when D’s
loss value propagates back, the value of GP part needs to
be added to the D’s loss value. During the training, the
curve of loss function values of GAN and WGAN-GP is
shown in Fig. 3. In Fig. 3, the common GAN uses the sum
of the loss values of G and D as the reference criterion to
judge whether the model converges or not. However, it is
different in WGAN-GP, because the loss value of G has no
meaning in WGAN-GP algorithm training process. The

GAN Train_loss

—— D_loss
G_loss

100 200
(a) caN

Fig. 3 G and D Loss values

measurement standard of model preservation comprehen-
sively considers the sum of the loss value of D and the
distance of W. When the absolute value of their sum is the
smallest, it is saved as the optimal model.

3.6 Dataset
3.6.1 Heart disease Cleveland

The dataset contains 76 attributes, but 14 of them are
mentioned in the published experiments. Up to now, it is
also the most used dataset for researchers to predict heart
disease. The “target” field indicates whether the patient has
heart disease or not. It is an integer value, with O indicating
a low risk of heart disease and 1 indicating a high risk.

3.6.2 Radiation Pneumonitis dataset

This is a real-world dataset containing 300 patients, of
which 66 patients had RP (22%). The two types of data we
analyzed were radiomics features extracted from CT ima-
ges and RD radiotherapy planning dose files. These
parameters are considered to have potential predictive
power for RP in a clinical setting. Because the original
information in the dataset does not meet the format that can
be read by the computer, we transformed the original data
into numerical features and normalize it as the pre-pro-
cessing method.

3.7 Evaluation method
Distributed Stochastic Neighbor Embedding (TSNE)
(Maaten and Hinton 2008) is a machine learning nonlinear

dimensionality reduction algorithm, suitable for reducing
high-dimensional data to 2 or 3 dimensions, especially for

WGAN-GP Train_loss

0 [ = - ~— D_loss
G_loss
-20
-40
-60
-80

0 200 400 600 800

(b) weaNn-GP
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data with different distributions. It can measure their sim-
ilarity in lower dimensions after performing visualization.

Except for raw data without any processing, there were
three data upsampling methods, WGAN-GP, SMOTE, and
GAN used for ML tenfold cross-validation. The original
dataset was divided into ten equal parts, logistic regression
models were trained in different proportions and tested on
the corresponding test sets to compute the performance
metrics including the Area Under the ROC Curve (AUC),
Accuracy (ACC), Sensitivity (SEN), and Specificity (SPE)
values for various data samples. Their definitions are as
follows.

Suppose we have four types of samples: True positive
(TP) is classified as a positive being a real positive sample.
True Negative (TN) is determined to be a negative sample,
being a real negative sample. False Positive (FP) is deter-
mined to be a positive sample, but instead being a negative
sample. False Negative(FN) is determined to be a negative
sample, but instead being a positive sample. The ACC,
SEN, and SPE can be defined as:

TP + TN
A =
= TN+ PP L EN ®)
TP
SEN=——
TP + FN ®)
TN
SPE=—— (10)
TN + FP

For example, if the original data were divided into seven
training sets and three test sets, three upsampling methods
were applied to train the model on the seven training sets
and test on the other three test sets. The above performance
evaluation metrics were calculated and compared. The
testing process is shown in Fig. 4.

4 Experimental results

4.1 Experimental Setting

In the training process, there was no change in the way
training D and G. However, to ensure the synthetic data is

similar to the original real data, the G and D training
epochs were set to 1000 and 200, respectively. The specific

Fig. 4 Testing processing

| WGAN G
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hyperparameters were set as: Epochs = 1000, Learning rate
(Lr) = 0.0002, Batch_size = 16, Latent_dim = 100, and
Lambda_gp = 100. (Note that, at the training time, our
Epoch here is equal to Batch_size, only one Batch is
trained in each Epoch.) The Latent_dim is the number of
hidden layer neurons, and the Lambda_gp is the gradient
penalty weight coefficient. The sum of the absolute values
of the D loss value and the Wasserstein distance was used
as the evaluation value. Wasserstein distance is used to
measure the distance between two distributions. If the
distributions of the two data samples do not overlap or
overlap little, it can still reflect their similarity. The model
with the best performance on the validation dataset was
saved.

4.2 Comparison of ML improvement

Comparison experiments were conducted on the public
dataset and the lung dataset, respectively, to verify the
performance of the models. The logistic regression models
were trained and evaluated by four type datasets. They are
the dataset generated by trained WGAN-GP, the dataset
generated by the SMOTE, the dataset generated by the
trained GAN, and the unprocessed real data. For each of
them, the training set and test set are at the ratio of 2:8,
respectively. Each logistic regression model was tested 10
times, and the average AUC score was calculated.

In Table 1, the average AUC scores and standard
deviation were calculated for each method in two datasets.
On the Heart disease Cleveland dataset, the AUC was
0.902 + 0.016 with WGAN-GP, 0.874 £+ 0.019 with
SMOTE, 0.877 £ 0.023 with real data, and 0.837 + 0.023
with GAN. On the radiation pneumonitis dataset, the AUC
was 0.606 + 0.009 with WGAN-GP, 0.585 £ 0.012 with
SMOTE, 0.584 + 0.015 with real data, and 0.572 £ 0.014
with GAN. The standard deviation of WGAN-GP is
smaller than other methods, regardless of in Heart disease
Cleveland dataset or Radiation Pneumonitis dataset. The
statistical test was also conducted in the experiment. The P
value was 0.498 with WGAN-GP and SMOTE, 0.232 with
WGAN-GP and real data, and 0.440 with WGAN-GP and
GAN. Although there is no statistically significant differ-
ence, WGAN-GP is significantly better than other methods.
Therefore, it can be concluded that the data generated by

Fake
positive data

‘ ML AUC ‘

Original
positive data
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Table 1 The AUC =+ Standard Deviation results of logistic regression model on WGAN-GP, SMOTE, GAN, and unprocessed real data

AUC £ SD GAN SMOTE WGAN-GP Real data
Heart disease Cleveland 0.837 £ 0.023 0.874 £ 0.019 0.902 + 0.016 0.877 £ 0.023
Radiation Pneumonitis 0.572 £ 0.014 0.585 £ 0.012 0.606 + 0.009 0.584 + 0.015
ROC Curve ROC Curve
1.0 1 i Ann 1.0 T
0.8 i - ‘ 0.8 - Cv",l- )
] o £
< ‘ri 4r
£ 0.6 4 J o
o E 0.6 £
3 E =y ¢
0.4+ 0.4 1 i
£ ¢ g o
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False Positive Rate

(a) Public Data Set

Fig. 5 Comparison of ROC curves under different datasets

WGAN-GP are more stable and have smaller variance and
the logistic regression classifier trained on synthetic data
generated by WGAN-GP has a better classification
performance.

In addition, the ROC curve comparison graph is shown
in Fig. 5. In Fig. 5a and b, the ROC curves of the logistic
regression models trained with the four methods on the
public and lung datasets were plotted, respectively. From
Fig. 5a,b, it is significant that the performance of WGAN-
GP is better than other methods in both two datasets.
Therefore, compared with SMOTE and GAN, the synthetic
data generated by WGAN-GP have greater capabilities to
improve the performance of ML.

4.3 Synthetic data visualization

The synthetic data generated by WGAN-GP, GAN, and
SMOTE were used to train the classification model, with
the ratio of training set: test set of 7:3. To illustrate whether
the data generated by WGAN-GP can better reflect the real
distribution characteristics, TSNE was selected to compare
the distribution of real and generated data. The results are
shown in Fig. 6.

False Positive Rate

(b) Radiation Pneumonitis Data Set

In the reduced dimension distribution map on the public
data, TP denotes the true positive data samples, WGAN-
GP_FN denotes the fake negative data samples generated
by the WGAN-GP, TN denotes the true negative data
samples, and SMOTE_FN denotes the fake negative data
samples generated by SMOTE and GAN_FN denotes the
fake negative data samples generated by the GAN. From
Fig. 6a, it can be observed that the fake negative data
generated by the WGAN-GP are closer to the real negative
data and have a wider distribution compared with GAN. On
the contrary, compared with SMOTE, the data distribution
generated by WGAN-GP is more introverted. Therefore, it
is easy to conclude that WGAN-GP can better reflect the
distribution of real data samples and has a larger potential
sample space.

In the reduced dimension distribution map of lung data,
TP denotes the true positive data samples, WGAN-GP_FP
denotes the fake positive data samples generated by the
WGAN-GP, TN denotes the true negative data samples,
SMOTE_FP denotes the fake positive data samples gen-
erated by the SMOTE and GAN_FP denotes the fake
positive data samples generated by the GAN. From Fig. 6b,
the fake positive data generated by WGAN-GP are con-
centrated near the true positive data, while the fake positive

@ Springer
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Fig. 6 The generated data distribution comparison chart

data distributions generated by SMOTE and GAN are
farther from the distribution of true positive data, which
proves that WGAN-GP is more consistent with the distri-
bution close to the original distribution of true positive data
samples than SMOTE and GAN.

In short, the distribution characteristics of data samples
generated by WGAN-GP are more consistent with the
original real data samples, whether on public dataset or
private dataset. In contrast, the performance of the other
two data augmentation methods is flawed.

4.4 Comparison under different samples sizes

The lung dataset was divided into 10 copies to form the
training and test sets in different proportions. Each ratio
was trained 10 times using each of the four methods. This
was used to verify whether the data generated by the
WGAN-GP method have better classification performance.
The results are shown in Fig. 7.

In Fig. 7a, the navy-blue line is the AUC score of the
logistic regression model trained by synthetic data gener-
ated by WGAN-GP. The yellow line is the AUC score of
the logistic regression model trained by synthetic data
generated by SMOTE. The light blue line is the AUC score
of the logistic regression model trained by synthetic data
generated by GAN, and the red line is the AUC score of the
logistic regression model trained by real data. Similarly, in
the three diagrams Fig. 7b—d, they correspond to the per-
formance of ACC, SEN and SPE, respectively.

Figure 7 shows that the improvement of the classifica-
tion method among WGAN-GP, SMOTE and GAN
becomes smaller as the proportion of training data
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(b) Radiation Pneumonitis Data set

increases. Because the improvement of upsampling is
limited when there is enough data. Moreover, the
improvement of WGAN-GP is much larger than that of
SMOTE and GAN when the training set is less than 30%.
Finally, the AUC and SEN obtained by WGAN-GP are
higher than that of SMOTE, No Up-sampling and GAN at
all scales. Additionally, the ACC and SPE values also
showed varying degrees of improvement under most
proportions.

The experimental results show that the data generated by
WGAN-GP have better performance in improving the
classification performance under various distribution ratios
of the training set and test set, which is higher than the
traditional method SMOTE and common GAN. It is worth
noting that the performance of WGAN-GP is better and
more prominent when the training set data are below 30%.
It can be concluded that the data generated by WGAN-GP
are more stable and have smaller variance and the logistic
regression classifier trained on synthetic data generated by
WGAN-GP has a better classification performance, espe-
cially in the small size of training dataset.

5 Conclusion and future work
5.1 Conclusion

In this paper, a data augmentation method using WGAN-
GP for the few-shot imbalance dataset is proposed, which
can suit one-dimensional clinical and radiomics data.
Compared with SMOTE and common GAN, the WGAN-
GP has best performance. Meanwhile, ML cross-validation
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Fig. 7 AUC, ACC, SEN and SPE at different ratio

and TSNE are used for the visualization of data upsam-
pling, and each evaluation method has obtained excellent
results.

Therefore, it can be concluded that the synthetic data
generated by WGAN-GP can improve the ability of the
classification model when the training data are insufficient
and unevenly distributed, and the data generated by
WGAN-GP are closer to the real sample distribution than
the data generated by SMOTE and GAN. It can be con-
sidered that WGAN-GP is more suitable for data generated
from the few-shot one-dimensional clinical and radiomics
datasets.

10% 20% 30% 40% 50% 60% 70% 80% 90%
Percentage of training set

(d)

5.2 Future work

In future, it is worthwhile to further study the application of
WGAN-GP on the few-shot one-dimensional dataset
expansion and optimize more effectively for the current
algorithm to achieve even better performance. Secondly,
our experiments suggest that the training of common GANs
is really difficult. Especially when the dataset sample is
small and the feature dimension is low, the performance of
GANs will be significantly reduced. Therefore, future
research will try to propose a novel GAN model while
improving the performance of WGAN-GP algorithm,
which can perfectly solve the above problems.
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