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Abstract
This paper examines WGAN as a more advanced technique for addressing imbalanced data sets in the context of machine
learning. A variety of domains, including medical diagnosis and image generation, are affected by the problem of imbalanced
datasets since it is essential to represent the minority class to train a satisfactory model and create various types of data. To
overcome these challenges WGAN uses some features such as; Residual connections in the critic network, better sampling for
minority classes, and some noise and sample reshaping. These innovations contribute to the increased stability of the model, the
quality of synthetic data, and the distribution of classes in a dataset. The comparative analysis of WGAN with basic GAN and
Improved GAN has shown the effectiveness of the given algorithm in terms of producing high-quality diversified synthetic data
that is closer to the real data distribution. The study identifies the future research direction of WGAN in enhancing machine
learning based on reliable and diverse synthesized data, providing new insights and directions for future studies and practical
applications in tackling data imbalance issues.
Keywords: WGAN, Imbalanced Data, Synthetic Data, Machine Learning, Cancer Diagnosis, Data Sampling, Model Stability,
Data Generation, GAN Models

1. Introduction

1.1. Background
Handling imbalance data is a major problem in machine learning and has a huge impact on the predictive models in many areas.
In other words, in imbalanced datasets, there are more instances of a specific class (Suh et al., 2021). In comparison, the rest of
them have much fewer instances and this contributes to models that have poor capability, especially when it comes to making
predictions on the minority class. This issue is particularly alarming in diagnostics, specifically in assigning rare but severe
conditions like malignant tumors when reaching an accurate diagnosis is vital to the proper treatment and care of the patient.
In certain applications like image generation and diagnosis, it's crucial to ensure that all classes are given an equal proportion.
Current gradual approaches trained on imbalanced data can hardly predict the minority classes which leads to a low performance
level of the model. This requires superior methods to improve the process of displaying and combining data for training and
generalization of the models in the other classes (Zhang, Liu, Luan, & Sun, 2017).
In medical diagnosis, datasets usually consist of a greater number of instances that are labeled as non-cancerous, thus affecting
the distribution. In the case of such skewed datasets, the old generated machine learning algorithms that fit on such data tend to
perform poorly when it comes to labeling the minority classes right. This is also true for other fields like image generation where
it is crucial to have the data diverse and balanced to generate synthetic images which are as real-looking as possible about real-
life situations (Ali, Dastgir, Igbal, Anwar, & Faheem, 2023).
The problem of data distribution imbalance is not a newly emerged challenge in the field of machine learning and data analysis
but has been observed recently in many applications. When there are subsets of data with considerably fewer data points than
the others, training classifiers to recognize the patterns can be quite difficult. Most of the previous algorithms for machine
learning are inclined towards the majority class, which in most cases proves detrimental to the minority class. To overcome this
problem, different oversampling methods have been proposed to create new synthetic samples of the minority class and conse-
quently increase its proportion in the dataset. As for the most perspective methods in the given field, it is possible to note the
Generative Adversarial Networks (GANSs) (Goodfellow et al., 2020).
Generative Adversarial Networks is a model that contains two neural networks popularly known as the Generator and the Dis-
criminator, and they are trained at the same time in an antagonistic manner. The goal of the generative model is to examine the
collection set of training examples and learn the probability distribution that properly generated them. GAN is then fully able to
generate more examples from the proposed and estimated probability distribution. The Generator's purpose is to create realistic
synthetic data; on the other hand, the Discriminator is aimed at predicting whether the data is real or fake (Arjovsky, Chintala,
& Bottou, 2017).
The next advancement over the basic GANSs is the Improved Generative Adversarial Network (IGAN), where improvements are
made to the quality and the variety of the data being generated. To mitigate the effects of training instability and derived synthetic
data low fidelity, IGAN provides architectural and training improvements. Although IGAN can overcome some of the obstacles
that stem from standard GANSs, it might also struggle with some more issues typical for class imbalance and data distribution
that WGAN claims to be less sensitive.
To solve these problems, the Wasserstein Generative Adversarial Network (WGAN) was introduced. WGAN also proposes the
usage of a new distance, the Earth Mover's Distance (EMD), or the Wasserstein distance between the real and generated data
distributions (Lee, Li, & Li, 2023). This modification also helps in improving the stability of the training process and it also
increases the convergence properties. The Critic in WGAN replaces the Discriminator in I-GAN and is intended to be trained to
estimate the Wasserstein distance between the target and generated data distributions.
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The equity market indices started to drop in the initial days of 2020 due to the COVID-19 outbreak and almost remained at a
standstill for some time (Ghasemieh & Kashef, 2023). This led to high losses on the side of the investors. Despite a huge amount
of studies and works devoted to stock market prediction and the development of efficient models, there are no specific attempts
to construct a stable model during the financial crisis. This model shows that big profits can be made and that investors cannot
lose money during such moments as the stock market crashes (Qin & Jiang, 2018).
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Figure 1: Schematic of WGAN Architecture[9].

1.2. Main Contributions of this research
e Propose the residual connections in the critic network to enhance the gradient flow and the training stability to tackle
problems like vanishing gradients.
e  Appropriate sampling methods that improved the generation of synthetic data for minority classes and also eliminated
class imbalance.
e Applying various noise and sample reshaping techniques which created synthetic data that is as close to real
distributions as possible.
e Compare the results to a baseline traditional GAN and IGAN and show that WGAN generated synthetic data with
higher quality.
e  Stressed the relevance of WGAN for medical diagnosis types of problems where it is critical to get the minority samples
right (Hamid et al., 2022)..
o Identifying potential future works in refining the WGAN structures and applying them in different areas of interest
[11].
Here we discuss of introduction portion: In section 1 we introduce smartphone history and its usage with different applications,
in section 2 we describe on literature review and in section 3 we work on the methodology section, in chapter 4 we discuss
outcomes, in section 5 we describe discussion and results and in section 6 we describe conclusion and future work.

2. Methods
In this paper, we focused on proposing a more improved version of the WGAN to achieve the objective of oversampling
imbalanced datasets. The initial processes are data loading and data preparation, specification of Generator and Critic
architectures, training of WGAN, and assessment of the model based on different performance measures. So, by the transition
from the I-GAN to the WGAN, we make use of the Wasserstein distance, which results in a more stable and efficient
oversampling method for imbalanced datasets. This approach can enhance the performance of classifiers that have been trained
from imbalanced data hence enhancing fairness in machine learning models. The state-of-the-art class balancing method known
as the Wasserstein Generative Adversarial Network (WGAN) was introduced to address the class imbalance problem in the
model development.
In developing an enhanced Wasserstein Generative Adversarial Network (WGAN) for oversampling imbalanced datasets, three
key strategies are implemented: Residual Connections in the Critic Network, Enhanced Sampling for Minority Classes, and
Noise and Sample Reshaping. All of these are discussed as follows:
2.1. Residual Connections in the Critic Network
Residual connections are useful in preventing vanishing gradients and allowing for the training of deeper models. In the
improved WGAN model, the residual connections are added to the network of the Critic, which aids in better learning capacity
of the network and produces a better approximation of the Wasserstein distance (Engelmann & Lessmann, 2021).
2.2. Implementation Steps
o  Explaining the basic structure of the Critic network with layers such as convolutional layers, batch normalization, and
activation layers (Man, Quddus, Theofilatos, Yu, & Imprialou, 2022).
e Introduce short-cut connections that bypass one or more layers, which means that instead of the normal hierarchical
structure, the input to a layer is directly connected to the output of another layer.
e Make the dimensions of the output match for the shortcut connections by either padding or projection layers.
e  Train the Critic network using the Wasserstein loss function, which is to minimize the Earth Mover’s Distance (EMD)
between the real and the generated samples (Hamid et al. 2023).
2.3. Enhanced Sampling for Minority Classes
To treat class imbalance, a method called enhanced sampling is used, which is aimed at getting more instances of the minority
class. This is useful in handling the problem of data imbalance and increasing the efficiency of the classifier.
2.4. Implementation Steps
e Finding the attributes that split the dataset into the minority and the majority classes.
e  While performing each iteration of training, focus the method on creating new synthetic samples for the given minority
classes.
o Modify the sampling probability to force the generated samples to include larger proportions of samples from the
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minority classes.
o Implement these synthetic samples into the training set to have a balanced distribution of the classes.
2.5. Noise and Sample Reshaping
Noise and sample reshaping are then incorporated to improve the quality of the generated samples as well as the variance of
samples within the dataset. This entails feeding the input of the Generator some controlled noise and readjusting the form of the
generated samples to resemble as closely as possible the real data distribution. New techniques like the generative adversarial
network for speech enhancement have proved to be very efficient when large amounts of data are available, but they are still
behind in both the low-data regime and the unseen data learning. The Wasserstein Conditional Generative Adversarial Network-
Gradient Penalty speech enhancement system incorporates the elastic network into the objective function to reduce the
complexity and enhance the model’s performance in the low-resource data condition (Munia, Nourani, & Houari, 2020)..
2.6. Implementation Steps
e Feed noise vectors into the Generator, it is preferable that the noise is different, and spread out across all areas. Use
Gaussian noise addition or uniform noise that will force small changes in the input vectors.
e Some precautions can be executed within the Generator to avail sample reshaping techniques to attain the output, which
is in correlation with the target distribution.
e Itistherefore advised to periodically assess and fine-tune the noise and reshaping parameters for the ensuing samples’
quality.
2.7. Oversampling
A simple oversampling technique commonly applied in the computer vision field along with the augmentation of the training
set and the combating of overfitting is through the geometric transformation including rotation, cropping, image flipping, and
change of colour intensity. Many times, these methods merely produce images that are simple redundant copies of the original
data. Furthermore, the high-level features of the geometric transformations do not enhance the data distribution because they
only cause an image-level transformation through depth and scale. Hence, the over-sampling technique is required to estimate
the data distribution and to create data not for the training set only (Chapaneri & Shah, 2022)..
The most common oversampling scheme is the synthetic minority oversampling technique (SMOTE, where new samples of the
minority class are synthesized based on the features between the minority points. It is among the commonly used algorithms in
handling imbalanced data sets by synthesizing new samples for the minority class with better performance on the classification.
However, it could give high noise when dealing with patterns where the appearance of majority and minor classes is not so well
defined (Hamid et al., 2023). That is why such extensions as borderline SMOTE and ADASY N appeared to enhance the classi-
fication performance by improving the boundary between the two classes. These oversampling methods might not create more
samples that are dissimilar to the actual data at first sight, although they may be different on close examination, particularly
where routinely extracting features from the unequal distribution of the data is not easy (Suh, 2021). When using these over-
sampling techniques, they are unable to decrease the classification bias to the majority class when applied to high-dimensional
imbalanced data like images and audio. However, the calculation of the distance used in SMOTE is the Euclidean distance,
which is not proper for measuring the dissimilarities among samples in high-dimensional feature spaces. Sometimes, the distance
between the target sample and the closest cluster is greater than the distance between the sample and the farthest cluster (Zhang,
Wang, Pan, & Pan, 2020).
Recently, generative adversarial networks (GANSs) have been presented as a class of generative models that got close to the real
data distribution (Zhang, Wang, Pan, & Pan, 2020). Conditional GANs (CGAN) and auxiliary classifier GANs (ACGAN) are
modifications of the original GANS in which the training process depends on the labels for the classifier (Li, Chen, Shen, Yang,
& Zhu, 2019).
Oversampling has also played a significant role when it comes to enhancing the accurate classification of the minority class,
which is usually a big problem in biomedical datasets with imbalanced class distribution (Guan, Zhao, Xue, & Pan, 2024). The
main endeavor is to introduce a single-channel biosignal data generation method that builds upon the recent progress in the
prevalent image processing-based GANs (Zhang, Duan, Hong, Liu, & Zhang, 2021). It has used a Wasserstein GAN (WGAN)
for synthesizing synthetic electrocardiogram (ECG) signals because of their stability during training as well as the fact that the
loss function of WGAN relates to the quality of the generated image (Wang, Wang, Cui, & Li, 2020).
Imbalance in the class also adds some degree of difficulty to the ability of classification models to accurately predict results.
Some of the common strategies include oversampling the minority class by producing artificial cases (Hamid et al., 2022). Some
of the standard machine learning algorithms have issues with such imbalances as they try to maximize the overall accuracy at
the expense of the minority class. This can entice models with high precision and recall on the benign class and low precision
and recall on the malignant class, meaning possible hazardous misdiagnoses. The principal difficulties in handling imbalanced
data include wastage of highly representative features and unrealistic estimation of risk that stems from the lack of minority
class data, inadequate representation of the majority class data, and possibly, skewing the decision threshold values (Hamid,
Igbal, Arif, Mahmood, Khan, Kama, et al., 2022).
In this study, we have leveraged an improved WGAN to mitigate the problem of imbalance. WG AN can be used to balance the
current dataset since by generating synthetic data that simulates the minority class, the model is provided with a more balanced
dataset. In addition to the fact that the features of a given minority class are incorporated into the model and learned from, the
general training performance and resilience of such a model are also boosted (Hamid, Igbal, Abbas, Arif, Brezulianu, & Geman,
2022).

3. Results
The main focus is to convert IGAN into WGAN. For this purpose, the main streamline methodology has been used after which
the results have occurred. Some main steps of result generation are included as follows:

3.1. Load and Preprocess the Data
The initial process of improving the WGAN’s performance is the loading and preprocessing of the data set. This process starts
by loading the data and pre-processing it before feeding it into the selected framework compatible with libraries such as
TensorFlow or PyTorch. Data preprocessing is the next step in which normalization is done, missing values are dealt with and
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the raw data is split into training and validation sets. Particular focus is made on the class imbalance by defining minority and

majority classes and then introducing methods for oversampling the minority classes to get a similar number of instances in both
classes which is suitable for training.

Table 1: PCA Features.

PCA Feature 1 PCA Feature 2
9.1928 1.9486
2.3878 -3.7682
5.7339 -1.0752
1.2562 -1.9023
10.3748 1.6720
-5.4752 -0.6706

In Table 1: we show that PCA Features 1 values and PCA Features 2 values. In it we let six iterations values.

3.2. Define the Generator and Critic Models for WGAN
After the dataset is prepared, the architecture of the WGAN must be designed and the Generator and Critic must be defined. The
Generator’s objective is to produce data samples that would have the same distribution as the real data and the Critic’s function
is to assess the distributions of real and generated data using the Wasserstein distance. The two models are built using neural
networks and define layers, activation functions, and loss functions to achieve the best results. This step is essential to establish
the adversarial learning process where the Generator has the task of generating samples that can effectively fool the Critic, at
the same time, the Critic develops its capability to distinguish between real and fake data.

3.3. Train the WGAN
Training the WGAN is done iteratively to fine-tune everything ranging from the Generator to the Critic. The training process
starts with the Critic network that is aimed at estimating the Wasserstein distance between real and generated samples. The
Critic’s parameters are updated based on the distance metric for change. At the same time, the Generator changes its parameters
to generate deception samples more realistic to fool the Critic. The process of adversarial training is iteratively performed in this

manner until convergence, while somehow adjusting the hyperparameters such as learning rates and batch sizes for stability and
effectiveness.

Real Data vs. Generated Data

1254 g ° feal Data

® Generated Data

Figure 2: Training Results

Figure 2 result plot shows the difference between the real data and generated data. Real data are denoted by the red dots while
the generated data are denoted by the blue dots. Both the axes x and y show the scale for measuring the ratio.

3.4. Evaluate the Model Using Various Metrics
After the training process, the evaluation of the WGAN model is necessary to determine the quality of the synthetic samples.
There are usually measures like F1 score, Precision, Recall, and Inception Score used in the determination of quality and the
level of diversity in the generated samples of the real data. These measures help in evaluating the level of imbalance in the
classes and the general capability of the model in generating improved data for use in the training of machine learning algorithms.

Table 2: Score of Metrics

Metric Value
AUC Score 0.8169852072211582
F1 Score 0.3941747572815534
Confusion Matrix [[311, 615], [9, 203]]

In Table 2 we use different metrics like AUC score, F1 score, and Confusion Metrix with their assigned values which are used

in this paper. Value of AUC score = 0.8169852072211582. F1 score = 0.3941747572815534 and confusion matrix = 311, 615],
[9, 203].
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Table 3: Classification Report

Class Precision Recall F1-Score Support
0 0.97 0.34 0.50 926
1 0.25 0.96 0.39 212
Accuracy 0.45 1138
Macro Avg 0.61 0.65 0.45 1138
Weighted Avg 0.84 0.45 0.48 1138

In Table 3 we generate a classification report in which we set some classes (0, 1, Accuracy, Macro Average, and Weighted
Average). We apply different measures in the class which are precision, recall, F1-score, and Support. And find different values
according to these classes.

ROC curves and AUC scores are perfect tools for classifier assessment, and the same applies to WGAN models. The ROC curve
represents the TPR (sensitivity) and FPR (1-specificity) at different decision points to establish the model’s performance. It is
an overall measure of the performance of the model in terms of separating the classes and is the mean of the ROC curve. These
metrics taken together provide a broad picture of the WGAN’s performance and bear out its ability to effectively generate
synthetic data that improves the training of machine learning models by addressing class imbalance and boosting classification
rates.
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Figure 3: ROC Curve (1)

In Figure 3 AUC-ROC represents a general measurement of the capacity of the given model to effectively distinguish between
the positive and the negative results with a value of 0.5 indicating no discrimination and 1.0 indicating perfect classification. An
AUC of 0.82 suggests that the model performs well, with a high probability of correctly distinguishing between positive and
negative instances. The ROC Curve resides on two axes axis-x and axis-y. On axis X, the false positive ratio is shown while on
axis y, the true positive rate is shown.
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Figure 4: ROC Curve (2).

In Figure 4 ROC Curve, as illustrated with the AUC value of approximately 0. 82, indicates that the proposed model has a fairly
acceptable level of classification performance with the area under the curve being greater than 0.5, which means the classification
is not performing a random assignment of data to the two classes. Regarding the classification results, the confusion matrix
shows that the model is very good at predicting class 0, having high precision and recall for class 0, however, for class 1 the
model is extremely poor, with low precision but high recall. The F1 score amounts to 0. 39 represents the balance between the
precision and the recall for the minority class, which, in a sense, means that it is a good model that recognizes most of the
positive cases, albeit with the correspondingly high number of FPs. Using the classification report, it is noted that the overall
accuracy of the classifier is 45 percent, class 0 has slightly better accuracy compared to class 1, and overall, the macro average
F1 score is 0. 45 reveals significant differences in performance by classes.
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3.5. Comparison to IGAN Model
3.5.1. IGAN Model Limitations
3.5.1.1. No Residual Connections
The original IGAN model does not have residual connections within its structure, which causes the issue of gradient vanishing
and a drop in the training process stability. Executing connections is core to deep neural networks as they allow gradients to
flow through the network backpropagation process to achieve better learning and convergence.
3.5.1.2. Class Imbalance
IGAN does not contain specific procedures for dealing with class imbalance in the datasets. This is evident mainly when there
is a variation of classes in the dataset where the generator provides a poor representation of the classes during the synthetic data
creation.
3.5.1.3. Unconstrained Generation
When IGAN lacks sample reshaping methods, it may synthesize samples far from the desired distribution. In particular, this
unrestricted generation process can lead to the generation of synthetic data of lower quality, which hinders their application in
tasks such as training models in machine learning.
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Figure 5: Generated Data
In Figure 5 the scatter plot of the generated data by the generator is to elucidate how effectively the model can generate data in
different chunks that might be similar to the real data.

Noise Generated Data Real Data
° 1254
2 08
10.0
L]
8 ° &
75
1 06
4 Walts l 5.0 S
y , iy
E Y a
0 . ° e o oo 3
04 2.0 0
- ”t o
' @ 0.0 [ 4 °
-1 o - J Y L
PL Ly
0.2 =2 ¥ ou e
P,
-5.04 g §
0.0 | -1.51
- B - —~ . ' ' o ‘ - - ' - ' i - —r v ' v v
-20 -15 -10 -05 00 05 10 15 20 -0.04 -0.02 0.00 0.02 0.04 -5 0 5 10 15

Figure 6: Comparison Graphs

The above visualize_pipeline (Figure 6) function creates a three-panel plot to compare one or more stages or layers in a
Generative Adversarial Network (GAN). The first panel represents a scatter plot of noise input which is usual and mainly used
to produce synthetic data. The second one is the scatter plot of the generated data by the generator to elucidate how effectively
the model can generate data that might be similar to the real data. The third panel shows the distributions of the actual data to
which the generated data is trying to fit as a benchmark. This function allows inspecting the data transformation from noise
toward the generated samples and it assists in quantifying GAN’s output.

3.6. Enhanced WGAN Model Advantages

3.6.1. Enhanced Stability and Learning

The IGAN model’s stability issues are resolved by the more advanced Wasserstein Generative Adversarial Network (WGAN)
with the inclusion of residual connections in the critic network. These connections add better gradient flow and bring about more
stable and faster training processes, so helping the model learn from the features of data suitably.
In data mining, standard classification techniques can no longer learn from big imbalanced data sets. Oversampling solves this
issue by generating data for the minority class so that the two classes are balanced before feeding them to the model. The
Traditional oversampling approaches are based on the Synthetic Minority Oversampling Technique (SMOTE), which is a
technique relying on the information of the local surroundings and results in insufficiently realistic data. While the Generative
Adversarial Network (GAN) aims to model the true distribution to generate data for the minority class. However, both of them
are challenging due to the issues of mode collapse and unstable training. These problems getting resolved by using WGAN.
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3.6.2. Balanced Class Distribution
The class imbalance problem is solved in Enhanced WGAN by using expert sampling techniques on minority classes. This way,
the generator receives enough exposure to all classes and therefore the generation of synthetic data is more balanced.

3.6.3. Controlled and Realistic Samples
The addition of the reshaping function in the EWGAN restricts the output samples and makes them closer to the target
distribution. This controlled generation process leads to realistic and high quality of the synthetic data which makes the
supplementation of imbalanced datasets more efficient for the development of machine learning models with better robustness
and accuracy.

3.6.4. Confusion Matrix
Confusion matrices which are also called error matrices are widely used when comparing the results of models of classification.
They enable the determination of how accurately a model categorizes the instances into various classes, about their actual and
predicted status. In most cases, confusion matrices are two-dimensional matrices whose rows indicate the instances in a
particular predicted class and whose columns represent the instances in a particular actual class.
When it comes to the confusion matrix, the main diagonal elements represent the correct classification of instances by the model
for the respective class while off diagonal element represents the misclassification by the model. In particular, the entry of the
matrix for the ith row and the jth column shows the number of instances that belong to the ith class, yet the model predicts it to
be in the jth class. This layout makes it possible to find out such performance indicators as accuracy, precision, recall, and F1-
score, which are obtained from different values of the matrix.

Confusion Matrix
600

500
o
400
v
£ 300
- 200
- 9 203
100

Predicted

Figure 7: Confusion Matrix

In Figure 7 Confusion matrices provide more details about a model’s performance by providing instances of misclassification.
For example, they can differentiate whether the model has a higher tendency to misclassify particular classes or whether the
model is accurate across the classes. This level of examination is especially useful in cases of uneven datasets, where even such
basic indicators as accuracy may not always be an accurate reflection of the model’s performance. In addition to providing a
visual and numeric summary of classification results, confusion matrices offer practical information about modifying model
parameters, features, or samples to improve classification accuracy and dependability.

3.7. Final Histogram View
Histogram charts collectively represent the distribution of data in each of the columns in the dataset and therefore are of great
importance when it comes to analyzing the characteristics of the data and the need for some preprocessing. They all show the
distribution of values within one feature, establishing the nature, whether skewed, normal, or of some other sort. This visual
representation helps in finding out the outliers, observing the distribution of values, and deciding whether normalization or
scaling should be applied to have a uniform distribution of features.
In Figure 8 histograms, analysts can easily understand the center and spread of each feature which is important in the subsequent
modeling processes. For example, attributes with highly skewed distribution may be normalized through a logarithmic
transformation because such variables tend to improve the performance of models. On the other hand, some features might have
a normal distribution, and usually, do not need much preprocessing as their raw form is suitable for modelling tasks. Overall,
these classes of histogram charts are the initial examination tool to facilitate data preprocessing and determine the distribution
of the collected data for subsequent analyses and modelling with more complex methods.
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Histograms of Each Column
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Figure 8: Histogram for Each Column

Table 4: Comparison Table for each column

Feature

Description

Range/Values

Observations

texture_worst The texture of the worst area of  17.33-26.50  The values vary significantly, indicating different
the tumour textures in the worst tumour area.

perimeter_worst The perimeter of the worst area  98.87 - 184.60  Shows a wide range, reflecting the variability in tu-
of the tumour mour size.

area_worst Avrea of the worst area of the tu- 567.7 - 2019.0  The area values are distributed over a broad spec-
mour trum, with some outliers.

smoothness_worst  The smoothness of the worst 0.1238 - The values are relatively close, indicating moder-
area of the tumour 0.2098 ate variability in smoothness.

compact- Compactness of the worst area  0.1866 - Shows significant variation, highlighting differ-

ness_worst of the tumour 0.8663 ences in tumour compactness.

concavity_worst Concavity of the worst area of 0.2416 - The values indicate varying degrees of concavity.
the tumour 0.7119

concave Number of concave points in 0.1625 - Displays a moderate range, suggesting variability

points_worst the worst area of the tumour 0.2654 in the number of concave points.

symmetry_worst Symmetry of the worst area of  0.2364 - Symmetry values show considerable variation, af-
the tumor 0.6638 fecting the appearance of tumour symmetry.

fractal_dimen- The fractal dimension of the 0.07678 - The fractal dimension values vary, indicating dif-

sion_worst worst area of the tumour 0.17300 ferent levels of complexity in tumour structure.

Unnamed: 32 Possibly an identifier or irrele-  NaN The presence of NaN values suggests that this fea-

vant feature

ture may not be useful or has missing data.

In Table 4 we show a comparison of different features in which we discuss their features, Range, and observations. and find
out the best one for further usage in this paper.
3.8. Key Observations

¢ Wide Range of Values
Features such as perimeter, area, and fractal dimension exhibit a wide range, essential for distinguishing between different
tumour characteristics.
e Variability
There is significant variability in texture, compactness, and symmetry, which are crucial for diagnostic analysis.
e Potential Outliers
Some features, particularly area and perimeter, show potential outliers, which may need further investigation or preprocessing.

4. Discussion

The data set that is used in this study is the Breast Cancer Wisconsin (Diagnostic) Data Set for training and testing of the
proposed WGAN model. This dataset contains quantitative characteristics of the cell nuclei present in the fine needle aspirate
images of breast masses obtained through digitization Hence this dataset has features including but not limited to radius, texture,
perimeter, area, smoothness, compactness, concavity, concave points, symmetry, and fractal dimensions. In each of them, the

case is attributed as either benign or malignant, so it is quite suitable for binary classification tasks in the context of breast
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tumour diagnosis. The database is composed of 569 instances; 357 of them are classified as benign, while 212 are classified as
malignant, which signifies a severe case of the class imbalance problem that goes against the traditional machine learning
algorithms. With the help of WGAN, it planned to obtain highly realistic synthetic samples to address the problem of class
imbalance and improve the performance of the predictive models on the minority class. This approach is particularly significant
in early diagnosis of the disease since the prognosis is accurate and reliable hence improving the probabilities of the breast
cancer disease.
The dataset comprises essential tumour characteristics crucial for medical diagnosis and classification. Texture, Perimeter, and
Area (Worst) exhibit substantial variability, indicating diverse tumour sizes and textures across samples. Smoothness,
Compactness, and Concavity (Worst) metrics reveal significant irregularities and growth patterns, pivotal for assessing tumour
malignancy. Symmetry and Fractal Dimension (Worst) provide insights into structural uniformity and complexity, influencing
diagnostic decisions. However, Unnamed: 32 contains NaN values, suggesting data issues that may require resolution to ensure
comprehensive analysis and model efficacy.
The conventional method of signal processing for fault detection involves using fault diagnosis algorithms to identify the specific
fault from the raw vibrational signal. Traditional FD techniques using the time and frequency domain features including wavelet
transform, variational mode decomposition, and permutation entropy have already been employed in previous studies to enhance
the fault diagnosis capability. Besides, intelligent fault diagnosis methods have been successfully developed in recent years.
Especially, fault diagnosis approaches based on data include its characteristic, deep learning (DL) and the method offers a better
solution to fault classification since there is no need for prior knowledge of the automatic system. For DL-based methods, the
most important precondition is the availability of large amounts of balanced data to sufficiently train deep neural networks. But
in most time of industrial processes, rolling bearing is often in normal working conditions and fault signals are difficult to obtain.
It is noticeable that in a normal state, the acquired data amount is far more than that in a faulty state. The proportion of normal
samples and fault samples is not rational, which also results in a significant decline in the performance of fault diagnosis.

4.1. Enhanced WGAN Strategies: Findings and Benefits

4.1.1. Residual Connections in Critic Network
The integration of residual connections improves gradient flow as well as the stability of the training process. This optimization
helps in faster convergence and enhances the model’s ability to handle difficult datasets such as medical imaging, which is vital.
Better gradient flow helps avoid problems such as gradient vanishing, providing stable training for the model and its further
improvement.
4.1.2. Enhanced Sampling for Minority Classes

Enhancing sampling techniques for the minority class improves the representation of such classes and diversifies the training
data. This strategy helps to lessen class imbalance which is extremely important when creating synthetic samples with proper
distribution of classes. This way, the model can increase the representation of the minority classes during synthetic data
generation and improve the overall model and its corresponding, while at the same time decreasing the bias.
Imbalanced data classification is a natural phenomenon that occurs frequently in the fields of machine learning and data mining.
While imbalanced data classification can be broadly defined as the distribution of samples in different categories of a data set,
the term is more specifically used to describe the condition when one or more categories contain significantly fewer samples
than others. In any binary or multiclass dataset having the problem of imbalanced data classification, the group that contains a
small number of samples is called a positive or minority class, while the one with a large number of samples is termed a negative
or majority class. In real-world scenarios, imbalanced data classification is linked to text classification, consumer’s buying
behaviour from the seen behavioural history, credit card fraud detection from the transaction data, and diagnosis of diseases
from medical data. Since the classification algorithms inherited from the traditional methods are fit for cases where the data is
distributed in a roughly equal manner, the use of such algorithms when it comes to the classification of imbalanced data may
result in varying degrees of deficiencies and so become rather ineffective. So, improving the classifier’s performance when
working with imbalanced data and increasing the ability to recognize the minority class is an important issue that needs to be
solved.

4.2. Noise and Sample Reshaping
The use of filtered noise and redesigning the mechanisms of control enhances the acoustics and authenticity of synthesized
samples. This approach helps in making the generated data approximate the target distribution, thus enhancing the usefulness of
synthetic data to other tasks. Here, the model transforms samples according to the characteristics acquired during the learning
process to generate realistic data that, in terms of subsequent machine learning, is closer to the actual data distribution.

Table 5: Features Analysis

Enhanced WGAN Strategies Features Addressed
Residual Connections in Critic Network Gradient flow, and stability during training
Enhanced Sampling for Minority Classes Minority class representation, class imbalance
Noise and Sample Reshaping Synthetic data quality, alignment with target distribution

In Table 5 we examine the feature analysis of WGAN (Wasserstein Generative Adversarial Network). Enhance their strategies
and Features addressed.

4.3. Comparison of WGAN with IGAN and GAN
In Table 6 we compare GAN (Generative Adversarial Networks), IGAN (Improved Generative Adversarial Networks), and
WGAN (Wasserstein Generative Adversarial Network). We compare them based on features like Architecture, Loss Func-
tion, Training Stability, etc.

393



Table 6: Comparative Table for GAN, IGAN, and WGAN.

Feature
Architecture

Loss Function
Training Stability
Gradient Flow

Handling Mode
Collapse

Quality of Gener-
ated Samples
Robustness to
Noise

Class Imbalance
Handling
Applications

Advantages

Disadvantages

GAN
Simple, two neural networks
(Generator, Discriminator)
Minimax (Jensen-Shannon di-
vergence)
Prone to mode collapse, unstable
training
Limited, suffers from vanishing
gradients
Common issue, diversity of gen-
erated samples compromised
Variable, prone to producing
low-quality samples
Limited, sensitive to noise in
training data
Not explicitly addressed

Various, including image gener-
ation, data augmentation

Simple architecture, versatile ap-
plications

Prone to mode collapse, unstable
training

IGAN
Adds enhancements like deeper
networks and regularization
Minimax with improved training
stability
Improved with deeper networks,
regularization
Enhanced with deeper networks

Mitigates with improved loss
functions

Improved, more realistic sam-
ples

Improved with
techniques
Limited improvement

regularization

Medical imaging, data synthesis

Improved stability, better sam-
ple diversity
Limited improvement in stabil-

ity

WGAN
Similar to GAN, but with Was-
serstein distance metric
Wasserstein distance improves
training stability
Enhanced with gradient penalty,
stable training
Improved by Wasserstein dis-
tance metric, stable
Mitigates with Wasserstein dis-
tance, diverse samples
High quality, realistic samples,
diverse outputs
Handles noise better, more ro-
bust training
Enhanced through sampling
techniques for balanced output
Medical imaging, data synthe-
sis, image generation
Stable training, high-quality
outputs, robust to noise
Requires careful tuning, compu-
tational complexity

4.4. Limitations of Research

e Computational Complexity
WGAN strategies have been improved by the addition of residual connections, better sampling techniques, and noise reshaping,
but these enhancements come with a large computational overhead. This can lead to increased training times and required
resources and thus could pose some scalability issues on the proposed methods. In the real-world contexts especially when
dealing with big data or streaming data this can impact the viability and application of the improved models.

e Careful Tuning Required
As the paper demonstrates, improved WGANSs require careful calibration of hyperparameters and architectural settings to obtain
the best performance. Unfortunately, this requirement for careful tuning leads to variability that is inherent in the system and
may give unequal results in different experiments or data sets. Hence it is seen that if the network’s hyperparameters are not
well tuned then the improvements that may be derived may not be optimal affecting the model’s efficiency.

o Complexity of Noise and Sample Reshaping
Readapting the samples from the previous stage and reducing noise are also challenges confined to training. These techniques
enhance the quality and fitness of synthetic data for the target distributions but at the same time cause extra computational load.
These additional intricacies could result in extended training durations and increased computational requirements, which is
important in determining the feasibility of implementing these improvements in actual applications.

5. Conclusion

The use of Wasserstein Generative Adversarial Networks (WGAN) has been proven to be quite effective in addressing problems
arising from imbalanced data sets, especially in sectors such as medical diagnosis. These results highlight WGAN’s potential to
deal with problems related to the vanishing of gradient and improve the sample generation using an innovative architecture and
better sampling strategies. This is why thanks to the residual connections, and the sophisticated data generation methods WGAN
can generate high-quality synthetic data to balance the classes and improve the training of the model. These findings substantiate
that WGAN has a qualitatively better performance than basic GAN and IGAN in synthesizing data that is closer to actual
distributions. Enhanced WGAN has been shown to outperform the method by having better values in the AUC and ROC curves,
which indicates the extent of addressing the class imbalance challenge and improved classification.

The results also show that there is still room for improvement, in terms of more accurate results in some classes. Directions for
future work include refining the WGAN architectures, examining the potential of WGANs in multiple domains, especially
healthcare, and creating approaches for improving the synthesis of realistic and diverse datasets. Such development can
contribute to enhancing the methods of machine learning to improve the handling of imbalanced datasets and provide far superior
and superior predictive models.
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