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ABSTRACT

Class imbalance in medical imaging datasets often leads to biased machine learning
models, particularly in Alzheimer’s disease (AD) diagnosis using MRI. This study
proposes the use of Wasserstein Generative Adversarial Networks with Gradient
Penalty (WGAN-GP) to mitigate class imbalance in AD MRI datasets. Realistic MRI
images were synthesized for underrepresented AD stages, and the quality of the
generated data was quantitatively validatedusing the Fréchet Inception Distance
(FID), with the lowest FID score recorded at 31.84, indicating a high degree of realism
and diversity. The synthetic images were used to augment a dataset of 6,400 T1-
weighted scans for training four Convolutional Neural Network (CNN) architectures:
ResNet-50, AlexNet, VGG-16, and VGG-19. Results demonstrated statistically
significant improvements in balanced accuracy across all models (p < 0.01 for all
comparisons). The AlexNet + WGAN-GP combination achieved the highest accuracy
of 98.54%, representing a mean improvement of 4.76% (95% ClI: 2.45% to 6.98%) over
its baseline. Significant gains were also observed for ResNet-50, VGG-16, and VGG-
19. These enhancements were consistent across multiple evaluation metrics,
including precision, recall, F1-score, and AUC. These findings confirm that WGAN-
GP is a highly effective and statistically validated strategy for boosting the diagnostic

PAPER HISTORY

Received March 2, 2025
Revised June 20, 2025
Accepted August 2, 2025
Published August 6, 2025

KEYWORDS

WGAN-GP;

Alzheimer’s Disease;
CNN;

Synthetic Data Generation;
Class Imbalance

AUTHOR EMAIL
fgalamudin@gmail.com
mazdadi@ulm.ac.id
radityo.adi@ulm.ac.id
triando.saragih@ulm.ac.id
muliadi@ulm.ac.id

accuracy of CNN models in Alzheimer's disease classification.

1. INTRODUCTION

Alzheimer’'s disease is a progressive and incurable
neurodegenerative disorder characterized by the
destruction of brain cells, leading to severe memory
impairment. Early detection of Alzheimer’s disease can
mitigate further neuronal damage, thereby preventing
irreversible memory loss and preserving cognitive
function in patients [1]. In the early detection of
Alzheimer’s disease, neuroimaging stands as the most
promising approaches, as brain degeneration can be non-
invasively identified through significant cerebral atrophy
using magnetic resonance imaging (MRI) [2]. The
insidious nature of Alzheimer’s disease, distinguished by
its gradual onset of symptoms, makes accurate and early
diagnosis difficult [3]. In this context, deep learning
approaches such as Convolutional Neural Networks
(CNNs) offer innovative solutions by automatically
processing unstructured data such as MRI images without
relying on manual feature extraction [4]. However, the
imbalances in medical datasets, particularly those
containing rare cases, can lead to performance losses
and misleading results during model training. The

vijay.athavale@gmail.com

Alzheimer’'s MRI Preprocessing Dataset sourced from
Kaggle exhibits significant class imbalance [3]. It
comprises four classes: Mild Demented (896 images),
Moderate Demented (64 images), Very Mild Demented
(2,240 images), and Non Demented (3,200 images). This
dataset is categorized as unstructured data, consisting
entirely of MRI images. Classes with relatively fewer
samples compared to others may result in prediction
errors and adversely affect model outcomes. To address
this imbalance issue, data augmentation techniques can
be employed to increase the number of images in
underrepresented classes while mitigating class
imbalance [5].

In this study, we use the variation of GAN to handle the
class imbalance issue. The Generative Adversarial
Networks (GAN) model consists of two neural networks,
the discriminator and the generator, designed to generate
synthetic data for unstructured data types such as images
[6]. Generative Adversarial Networks (GANs) are
grounded in an unsupervised deep learning framework.
The generator (G) receives random noise vectors as input
and synthesizes data samples that approximate real data

Corresponding author: Muhammad Itgan Mazdadi, mazdadi@ulm.ac.id, Department of Computer Science, Lambung Mangkurat University, JI.
A. Yani Km 36, Banjarbaru 70714, Indonesia. DOI: https://doi.org/10.35882/ijeeemi.v7i3.109

Copyright © 2025 by the authors. Published by Jurusan Teknik Elektromedik, Politeknik Kesehatan Kemenkes Surabaya Indonesia. This work
is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 International License (CC BY-SA 4.0).

526


https://ijeeemi.org/
https://portal.issn.org/resource/ISSN-L/2656-8624
mailto:mazdadi@ulm.ac.id
https://doi.org/10.35882/ijeeemi.v7i3.109
https://creativecommons.org/licenses/by-sa/4.0/
https://orcid.org/0000-0002-5629-3215
https://orcid.org/0000-0002-5629-3215
https://orcid.org/0000-0002-5629-3215
https://orcid.org/0000-0002-5629-3215
https://orcid.org/0000-0002-5629-3215
https://orcid.org/0000-0002-6812-5198

Indonesian Journal of Electronics, Electromedical Engineering, and Medical Informatics

e-ISSN: 2656-8624

Homepage: https://ijeeemi.org/; Vol. 7, No. 3, pp. 526-538, August 2025

distribution. Concurrently, the discriminator (D) evaluates
both authentic and synthetic data instances, aiming to
distinguish between them. The adversarial training
process involves alternating iterative updates: G is
optimized to generate realistic samples capable of
deceiving D, while D is trained to maximize its
discriminative accuracy. This min-max competition drives
both networks toward equilibrium, where synthetic data
becomes nearly indistinguishable from real samples [7].
The WGAN model was introduced to address the
vanishing gradient problem in GANs, which arises from
the use of divergence measure such as Jensen-Shannon
(JS) or Kullback-Leibler (KL) to measure the distance
between real and model-generated data distribution.
Instead, WGAN employs the Wasserstein Distance,
enabling more stable and meaningful training updates [8].
However, Wasserstein Generative Adversarial Networks
(WGANSs) can still suffer from unstable gradient values,
which may become either vanishingly small or
excessively large. To address this issue, the WGAN with
gradient penalty method (WGAN-GP) is employed. This
approach constrains gradient norms, ensuring Lipschitz
continuity in the critic network. Compared to the original
WGAN, WGAN-GP achieves faster convergence, more
stable training dynamics, and generates higher-quality
synthetic images [9].

Various strategies have been explored to address
class imbalance in AD classification, with common
approaches including oversampling techniques and
algorithmic adjustments. A comparative study, for
instance, evaluated several of these methods on an
Alzheimer's MRI dataset. It was found that a widely used
oversampling method like SMOTE could paradoxically
decrease overall model accuracy compared to the
baseline. While the ADASYN method offered some
improvement, an algorithmic approach known as Weight
Balancing proved to be the most effective among the
compared methods, demonstrating superior performance
across key evaluation metrics [3].

The classification of Alzheimer’s disease stages from
MRI scans using basic CNN, VGG-16, and VGG-19
models achieved a maximum accuracy of 77.66% (VGG-
19), indicating considerable room for improvement [10].
Prior studies [11] utilizing the same Alzheimer’s MRI
benchmark dataset from Kaggle reported suboptimal
performance, with baseline CNN architecture employing
VGG-16 and ResNet-50 achieving only 85.07% and
75.25% accuracy, respectively . However, this suboptimal
accuracy highlights the challenges posed by class
imbalance and underscores the need for advanced
techniques such as synthetic data augmentation to
improve model generalizability. Therefore, integrating
WGAN-GP offers a robust solution. Unlike traditional
methods, WGAN-GP mitigates class imbalance by
synthesizing high-fidelity MRI images for
underrepresented Alzheimer’s stages (Mild, Moderate,
and Very Mild) through its gradient penalty mechanism,
which enforces Lipschitz continuity without relying on
restrictive weight clipping. This approach ensures stable
training dynamics and generates realistic data
augmentation, enabling CNNs to learn discriminative
patterns directly from raw pixel data without manual

feature engineering. Consequently, this hybrid approach
enhances model generalizability by balancing class
distributions and capturing intricate pathological features
critical for accurate Alzheimer’s classification.

Based on the previous description, this research aims
to improve the early detection of Alzheimer’s disease (AD)
stages with higher accuracy using CNN architectures
(AlexNet, ResNet-50, VGG-16, and VGG-19), while
reducing dependency on large, perfectly balanced
datasets through synthetic data augmentation via
Wasserstein Generative Adversarial Networks with
Gradient Penalty (WGAN-GP). The main contributions of
this study are as follows, 1) this research highlights the
importance of applying Wasserstein Generative
Adversarial Networks with Gradient Penalty (WGAN-GP)
in the classification of Alzheimer’s disease stages, 2) it
gives a comparative analysis of CNN architectures in the
classification of Alzheimer's disease stages, 3) it
proposes a reproducible framework for synthetic data
augmentation in medical imaging using WGAN-GP to
address class imbalance, which can be generalized to
other neurodegenerative disease classification tasks. In
addition, this study contributes to the development of
more effective diagnostic tools for Alzheimer’s disease
(AD) stage classification

The structure of this paper is as follows: Section Il
discusses the dataset used, the proposed methods, and
the proposed training and testing schemes. Section Il
displays the results of baseline CNN architectures
accuracy and the use of WGAN-GP. Section IV discusses
the interpretation of the findings, and the comparison with
other studies and limitations of the approach. Finally,
Section V, concludes the study by restating the objectives,
summarizing the main findings, and outlining directions
for future works.

2. MATERIALS AND METHOD
A. Dataset

The dataset used in this study is an image dataset
obtained from Kaggle, titled the Alzheimer’'s Dataset,
consisting of MRI images, categorized into four distinct
classes representing the progression of Alzheimer’s
disease based on MRI scans: Mild Demented (896
images), Moderate Demented (64 images), Non-
Demented (3,200 images), and Very Mild Demented
(2,240 images). These classes reflect varying stages of
cognitive impairment, which are critical for understanding
disease progression [12]. Table 1 displays the statictical
distribution of thedataset collected from Kaggle before
employing WGAN-GP. The dataset had been previously
preprocessed by the original author on the Kaggle
platform, including cropping all images to a standardized
size of 128x128 pixels. Previous research from [5], [13],
[14] has also used the same dataset, which used deep
learning especially CNN models to classify Alzheimer’s
disease. Fig. 2. presents samples image from each class
in the dataset. The dataset was partitioned using a
standard hold-out method using a one-fold approach,
meaning the data was divided into a single, fixed training
and testing set for all experiments. Specifically, 80% of the
data was allocated for training, and the remaining 20%
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was reserved as a test set for final evaluation. The test set
was strictly separated from the training and validation data
to provide an unbiased evaluation of the final model's
performance on unseen data.

Table 1. Statistical distribution of the dataset prior to
WGAN-GP implementation

Class Training  Testing Total Percentage

Mild 716 180 896 14%
Moderate 51 13 64 1%

Non 2,560 640 3,200 50%
Very Mild 1,792 448 2,240 35%

(Mild Demented) (Moderate Demented)

(Very Mild Demented)

(Non Demented)

Fig. 2. Sample Images from each class in the
dataset provided for this research

B. Data Augmentation

When a minority class has notably fewer samples than the
majority class, it results in class imbalance, which poses
challenges for classifier models and gives poor
generalization performance. Data augmentation mitigates
data collection challenges in resource-limited scenarios
[15]. Current approaches to addressing the data
imbalance problem are generally categorized into two
main classes of solutions. The first class is characterized
by the utilization of data-level preprocessing techniques,
including oversampling and undersampling, to achieve a
more balanced data distribution [16]. Various studies have
employed a diverse range of methods to manage the
issue of imbalanced datasets, including ADASYN [17],
[18], SMOTE [3], [19], ROS [18] and WGAN-GP [7], [16],
[20], [21].

This research utilizes WGAN-GP, a variation of GANs
to address the inherent class imbalance within the
employed dataset. To achieve this, the model was trained
using pre-cropped 128x128 pixel images from the Kaggle

dataset. These images were then further processed by
normalizing their pixel values to a [-1, 1] scale and
augmenting them with horizontal flipping for increased
variability.

GANs employ generative models to produce entirely
new data points that closely resemble the real data
distribution. Approaches of this generative nature allow for
the construction of artificial data points that are not only
realistic but also proficient in capturing key distributional
attributes of the training data [22].

The original GANs architercture is considered highly
successful, especially in its capability to generate realistic,
high-resolution images. What distinguishes GANs from
other generative modeling techniques is their foundation
in game theory, as opposed to traditional optimization.
More specifically, GANs generate data by leveraging a

Random Noise

|

l
Generator / —

—

Generated Image Real Image

l J
[

., \Discriminator

( Fake )or( Real )

Loss
Critis-Loss |[¢—— X —3| G-lLoss
Function

Fig. 1. A schematic of the generator and
discriminator networks constituting a GANs

competitive dynamic between two neural networks. The
generator, this network implicitly defines the model’s
probability distribution. Its main job is to create samples
from this distribution. It takes a random noise and learns
a function to transform this noise into realistic-looking
samples. The discriminator, this network looks at a
sample. It estimates whether it's a real sample (from the
original training data) or fake (produced by the generator).
In essence, the discriminator tries to tell real data apart
from generated data [23]. A common analogy used to
explain GANs involves a counterfeiter and a police
detective. The generator acts as the counterfeiter who
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makes fake money, learning to make better fakes to avoid
detection. The discriminator is the detective, learning to
improve at finding flaws in the counterfeits. This ongoing
contest drives both the counterfeits and the detective to
progressively enhance their respective capabilities [24].
Fig. 1. illustrates how GANs work with their generator and
discriminator.

The Wasserstein GAN (WGAN), introduced by [8],
utilizes the Wasserstein distance to generate helpful
gradients for updating the generator component. Although
WGAN provides more stable training compared to
standard GANSs, its original weight clipping technique can
prevent convergence. Therefore [9] proposed an
improved version of WGAN replaces weight clipping with
a gradient penalty. The gradient penalty further enhances
training stability, encouraging the discriminator to behave
as an actual Wasserstein distance estimator [22]. In
essence, WGAN-GP provides enhanced training stability,
essential for generating high-quality medical images, by
resolving common GAN issues like mode collapse during
training. This is achieved through the use of a
Wasserstein loss function combined with a gradient
penalty that enforces the Lipschitz constraint, resulting in
smoother and more reliable gradients [25].

More sophisticated approaches for image generation
have been developed in recent times. StyleGAN and
improved StyleGAN [26], [27]. The style-based design
and progressive training approach enabled high-
resolution image generation with fine-grained attribute
control. However, while these methods produce highly
realistic natural images, these model rely on massive
datasets and intensive computational power restricts its
use in medical imaging. WGAN-GP, conversely, maintains
consistent performance using smaller data samples and
less complex architectures [25].

BigGAN [28] elevates image quality through larger
model architectures, broader datasets, class-conditional
generation, and orthogonal regularization; however, its
substantial computational and data requirements limit
medical imaging applications. WGAN-GP provides a
resource-efficient and scalable alternative for synthetic
medical image generation, without compromising output
fidelity.

By coordinating a mixture of expert GANs, MEGAN
[29] generates images conditioned on multimodal inputs
including text, visual data, and categorical labels. This
strategy yields richer diversity and higher-fidelity outputs
in multimodal synthesis. Such capabilities hold promise
for medical imaging, where combining scans with clinical
annotations or reports could enhance synthetic image
utility. Yet, the architecture's inherent complexity and
intensive training requirements pose challenges for
medical applications with limited data availability.

Generative Adversarial MultiTask Learning (GAMTL)
[30] synthesizes images while executing complementary
tasks like facial recognition or sketch generation. This joint
training leverages task relationships to enhance output
quality. For medical imaging, integrating diagnostic
objectives could ensure clinically viable synthetic data for
downstream tools. However, coordinating balanced

learning across tasks increases
complexity.

Despite newer approaches, researchers [25] point out
that WGAN-GP continues to be a highly effective and
practical option. Its combination of training stability,
computational efficiency, and reliable performance on
smaller datasets makes it especially well suited for
synthesizing medical images such as MRIs. This is crucial
for tasks demanding the faithful reproduction of

pathological features and robust, feasible computation.
Table 2. The generator is designed to transform a 128-
dimensional latent noise vector into a 128x128 pixel
image

multiple training

Layer Layer Type FiIteSr,tr}i(de(-}rneI, Activation Function
1 Dense 8192 units -
2 Reshape - -
3 e 512.(55),(22)  LeakyRelU (a=02)
4 e 256,(55),(22)  LeakyReLU (a=02)
5 e 128,(55),(22)  LeakyReLU (a=02)
6 T e 64/(55),(22)  LeakyReLU (@=02)
7 e 32.(55),(22)  LeakyReLU (a=02)
8 (Co°u"t;i3 3,(5,5), (1,1) tanh

Table 3. Discriminator (critic) takes a 128x128 pixel
image and outputs a single scalar value representing
its perceived "realness"

Layer Layer Type FlIteSr,trP;e;nel, Activation Function
1 Conv2D 32, (5,5), (2,2) LeakyReLU (a=0.2)
2 Conv2D 64, (5,5), (2,2) LeakyReLU (0=0.2)
3 Conv2D 128, (5,5), (2,2) LeakyReLU (0=0.2)
4 Conv2D 256, (5,5), (2,2) LeakyReLU (a=0.2)
5 Conv2D 512, (5,5), (2,2) LeakyReLU (a=0.2)
6 Flatten 64, (5,5), (2,2) -

7 Dropout 0.5 -
Dense

8 3,(5,5), (1,1 Li
(output) (5,5), (1,1) inear

Table 4. Summary of key hyperparameters and
configuration settings for model training

Parameter Value
Optimizer Adam
Learning Rate 0.0002
Beta_1 0.5
Beta_2 0.999
Noise Dimension 128
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Batch Size 128
GP Weight 15
Discriminator Step 5

Loss Function Wasserstein Loss

The generator, as shown in Table 2, converts a 128-
dimensional latent noise vector into a 128x128 pixel
image using several Conv2DTranspose layers and
LeakyReLU activations. The discriminator, detailed in
Table 3, outputs a scalar value representing the "realness"
of the image after processing through Conv2D layers and
a final linear activation. Table 4 summarizes the model's
training hyperparameters, including an Adam optimizer
with a learning rate of 0.0002 and a batch size of 128. The
loss function used is Wasserstein loss, with additional
settings for training stability and performance

C. Classification

This study utilizes a Convolutional Neural Network (CNN)
architecture, which has the ability to process structured
grid data including MRI scans. Its hierarchical design
captures multi-scale spatial features, while convolutional
filters enable the extraction of richer, more abstract
representations than conventional classification models
[14]. Convolutional Neural Networks offer a diverse range
of architectural designs. This study utilizes four of these
configurations:

1. AlexNet

AlexNet was introduced by Krizhevesky in 2012 [31]. The
AlexNet model is structured with eight layers, comprising
five convolutional layers and three fully connected layers,
which are succeeded by an output layer. A key distinction
of AlexNet is in its implementation of the ReLu activation
function, a departure from the sigmoid function, which
enabled faster training and better performance, and also
reduced the impact of the vanishing gradient problem [32].

2. ResNet-50

As a leading architecture in image classification, ResNet
[33] models demonstrate exceptional performance across
visual recognition tasks. The ResNet-50 variant
incorporates 50 computational layers structured as: an
initial convolutional layer, followed by maxpooling, and 16
residual blocks. Each residual block contains one 3x3
convolutional layer, two 1x1 convolutional layers, and
identity-mapping skip connections between input and
output tensors. The network's 32x spatial downsampling
ratio reduces feature map dimensions to 1/32nd of the
original input resolution before reaching the final fully
connected layer. For MRI-based diagnostics, ResNet-50
models serve dual purposes: they offer clinically viable
vertebral fracture and malignancy assessment and excel
in multi-class recognition tasks [34].

3. VGG-16

VGG-16 integrates convolutional, pooling, and fully
connected layers. The architecture comprises 16
convolutional layers, of which 13 are used for feature
extraction and 3 for filtering, and each layer has a RelLU
layer [10]. The VGG16 architecture demonstrates
exceptional performance in medical image classification
tasks owing to its capacity to capture fine-grained visual

patterns and textural nuances [35]. Characterized by
progressive depth expansion, VGG-16 processes
standardized 224x224 pixel inputs, and a filter size of 3x3.
Classification outputs are generated through a Softmax-
activated final layer that computes class probability
distributions [36].

4. VGG-19

The VGG-19 model comprises 19 layers in total,
specifically featuring 16 convolutional layers and three
fully connected layers. It is pretrained on more than one
million images from the ImageNet database. The VGG-19
has 224x224 pixels for image input. The architecture
utilizes a 3x3 pixel filter size, a stride of two, and
incorporates maximum pooling layers [37]. In its entirety,
the VGG-19 model encompasses roughly 138 million
computational parameters [38].

Table 5. Summary of the training hyperparameters
applied to the four CNN models (AlexNet, ResNet50,
VGG16, and VGG19)

Parameter Value
Optimizer SGD (AlexNet & ResNet50)
Adam(VGG16 & VGG19)
Learning Rate 0.001
Epoch 50
Batch Size 128

Loss Function Categorical Crossentropy

To ensure a fair and direct comparison, the training
process for all four CNN classifiers was standardized
using a consistent set of core hyperparameters, as
summarized in Table 5. All models were trained for a
maximum of 50 epochs, using a batch size of 128, a
learning rate of 0.001, and the Categorical Crossentropy
loss function. To prevent overfitting and ensure optimal
training duration, an Early Stopping callback was
implemented; this monitored the validation loss and
halted training if no improvement was observed for 10
consecutive epochs, restoring the weights from the best-
performing epoch.

For the VGG16, VGG19, and ResNet50 models, a
transfer learning approach was adopted, utilizing weights
pre-trained on ImageNet. This strategy involved training
only a new classifier head, where a Dropout layer with a
rate of 0.5 was applied for regularization. The VGG16 and
VGG19 models were specifically optimized using the
Adam optimizer, while ResNet50 used SGD with a
momentum 0.95. In contrast, the AlexNet architecture was
trained from scratch. Consequently, a more extensive
regularization strategy was employed, incorporating
Batch Normalization layers after its convolutional layers
and Dropout layers (0.5) within its dense layers. This
model was optimized using SGD with a momentum of 0.9.
a uniform data protocol was applied across all
experiments: class labels were converted into a one-hot
categorical format to ensure compatibility with the
categorical crossentropy loss function.
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D. Classification

A confusion matrix is a metric used to evaluate
classification performance by quantifying prediction
outcomes into four categories: True Positives (TP), True
Negatives (TN), False Positives (FP), and False
Negatives (FN). True Positives (TP) represent instances
where positive cases are correctly identified, while True
Negatives (TN) indicate accurate identification of negative
cases. Conversely, False Positives (FP) occur when
negative cases are incorrectly classified as positive, and
False Negatives (FN) arise when positive cases are
mistakenly predicted as negative. Fig. 3. presents the
confusion matrix used in this study. Utilizing the
constituent elements of the confusion matrix allows for the
measurement of key classifier performance indicators

Actual Values

Positive (1) MNegative (0)

%]

m T

% Positive (1) TP FP

=

=

=

B

ﬁ "

E Negative (0) FN TN

Fig. 3. Confusion matrix table to evaluate
classifier performance to calculate Accuracy,
Precision, Recall and F1-Score

such as accuracy, precision, recall, and F1-score [39].

Accuracy, as defined in Eq. 1., represents the count of
samples correctly classified across all classes.
TP+TN

Accuracy = —
y TP+FP+FN+FN

(1)

Precision in Eq. 2. corresponds to the proportion of
samples correctly predicted as positive (true positives) out
of all samples the classifier assigned to the positive class.

TP
TP+FP 2)

Precision =

Sensitivity in Eq. 3. measures the percentage of actual

positives correctly identified for a given class among all

samples originally from that class.
TP

TP+FN

Recall = 3)
As specified in Eq. 4., the F1-Score quantifies overall
classifier effectiveness by combining precision and recall
into a single harmonic mean.
F1 — Score = Zx(

Precision x Recall

) @

Precision+Recall

Based on the preceding materials and method
explanation, Fig. 4. shows step by step from the dataset,
data augmentation, classification and evaluation. All
images in the dataset were already in consistent pixel
dimensions. The training phase (labeled “Imbalance Data
Training” in the flowchart), involved implementing CNN
architectures under two conditions, with and without
WGAN-GP. Both configurations were evaluated using a
confusion matrix.

To quantitatively evaluate the performance of the
images generated by the WGAN-GP model, the Fréchet
Inception Distance (FID) was employed. This metric
assesses the quality of synthetic images by measuring the
similarity between the feature distributions of the
generated and real datasets. Using a pre-trained
Inception v3 model, the FID score effectively captures
both the fidelity and diversity of the generated samples,
where a lower score indicates a higher quality result [40].

Given the stochastic nature of neural network training
influenced by factors such as random weight initialization
and data shuffling, it is essential to validate that such
gains are statistically meaningful and not merely the result
of random variation. To ensure the robustness of the
findings, each experimental configuration was executed
indepentently 10 times, providing a sample results
suitable for formal statistical analysis.

The inclusion of p-values is necessary to formally test
the null hypothesis and quantify the probability that the
observed improvements could have occurred by chance,
In statistical hypothesis testing, a result is considered
statistically significant when the obtained P-value is lower
than a predetermined significance level (commonly a =
0.05). A P-value < 0.05 indicates that the probability of
obtaining the observed data (or more extreme results) is
very low if the null hypothesis (Hy) were true. Therefore,
there is sufficient evidence to reject the null hypothesis
and conclude that there is a real effect or difference. P
values are better written as inequalities, such as P < 0.01
when P = 0.009 [41]. However, to provide a more
complete picture beyond a simple statement of
significance, 95% confidence intervals (Cl) are also
presented [42]. The Cl offers a plausible range for the true
magnitude of the performance increase, thereby providing
insight into the practical importance of the augmentation
method. This dual approach allows for a more rigorous
and transparent assessment of the WGAN-GP's
effectiveness.

E. Computational Environment

All computational experiments were conducted on the
Kaggle platform, utilizing an NVIDIA P100 GPU for all
tasks, including the training of the WGAN-GP model and
the four CNN architectures. The implementation was
developed in Python (version 3.11.13), utilizing the
TensorFlow framework (version 2.18) along with its
integrated Keras API for model development.
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3. RESULTS

This section presents the empirical findings from the
implementation of WGAN-GP for data augmentation and
the evaluation of various CNN architectures for
Alzheimer’s Disease classification. This study utilized MRI
scans initially characterized by a significant class
imbalance across the four diagnostic categories: Mild
Demented, Moderate Demented, Non Demented and
Very Mild Demented. The original distribution is already
shown in . Following the application of WGAN-GP, data
augmentation was performed to generate synthetic MRI
scans to balance the training data.

WGAN-GP

Original Samples

-

(Mild Demented) (Mild Demented)

(Moderate Demented) (Moderate Demented)

(Very Mild Demented)

(Very Mild Demented)

Fig. 5. Representative examples demonstrating
WGAN-GP's capability to create realistic
synthetic MRI scans (right column) compared to
actual patient MRIs (left column)

Table 6. Class distribution after applying WGAN-GP,
each training class achieved a balanced 2560 image
count.

Class Training  Testing Total Percentage

Mild 2,560 180 2,740 23.78%
Moderate 2,560 13 2,573 22.33%

Non 2,560 640 3,200 27.77%
Very Mild 2,560 448 3,008 26.11%

Table 6 shows the class distribution after WGAN-GP
implementation. A balanced class distribution within the
training dataset was achieved by supplementing the Mild
Demented class with 1,844 images, the Moderate
Demented class with 2,509 images, and the Very Mild
Demented class with 768 images.

WGAN-GP generates these synthetic images, with
samples displayed in Fig. 5. To quantitatively evaluate the

quality of the synthetic images generated by the WGAN-
GP, model checkpoints were saved and the Fréchet
Inception Distance (FID) score was calculated at several
key epochs. A lower FID score signifies a higher similarity
between the distributions of the real and generated
images, indicating superior quality and diversity.

The decision to select 1,000 epochs as the optimal

Dataset

h

Imbalanced Imbalanced

Data Training

Data Training

"

WGAN-GP

i

Balanced
Data Training

g

Training with
CMN

Training with
CMNN

g

Balanced
Data Model

Imbalanced
Data Model

| —

Data Testing

h 4

Evaluation

Fig. 4. Based on the preceding Materials and
Methods description, these flowcharts illustrate
the research methodology structured around the
proposed approach.

training duration was based on a comparative analysis of
these checkpoint results, as presented in Table 7. At the
1,000 epoch checkpoint, the FID scores reached their
lowest values. Since further training to 1,500 epochs did
not yield additional improvements and instead showed a
slight degradation in scores, this model was determined
to provide the best balance between image quality and
training efficiency.

Table 7. Comparison of Fréchet Inception Distance
(FID) scores at various epoch checkpoints for each
class

Epoch Epoch Epoch
Class 100 500 1000 Epoch 1500
Mild 123.40 47.50 34.94 38.43
Moderate 369.70 204.45 89.77 94.65
Very Mild 63.03 32.96 31.84 32.84
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Table 8. Results of the comparative statistical analysis summarizing the performance of CNN architectures
with and without WGAN-GP data augmentation. The statistics shown were derived from 10 independent

runs for each model configuration.

Without WGAN-GP

With WGAN-GP

Model Metric (Mean + Stdev) (Mean + Stdev) 95%Cl (inpe-;i:'ﬁY)
ResNet50 Accuracy 94.43% (+ 0.61) 98.17% (+ 0.33) +3.26% to +4.25%  p < 0.001
Precision 94.41% (+ 0.61) 98.18% (+ 0.31) +3.26% to +4.25%  p < 0.001
Recall 94.41% (+ 0.64) 98.17% (£ 0.33) +3.26% to +4.24% p < 0.001
F-1 Score 94.36% (+ 0.61) 98.17% (£ 0.32) +3.31% to +4.30% p < 0.001
AUC 92.36% (+ 0.55) 97.73% (+ 0.69) +4.54% to +5.99% p <0.001
AlexNet Accuracy 93.78% (+ 3.19) 98.54% (+ 0.26) +2.45% to +6.98% p <0.01
Precision 95.10% (+ 2.42) 98.56% (+ 0.31) +1.56% to +5.37% p <0.01
Recall 93.78% (+ 3.19) 98.54% (+ 0.26) +2.45% to +6.98% p <0.01
F-1 Score 93.78% (+ 3.21) 98.54% (+ 0.26) +2.45% to +7.06%  p <0.01
AUC 94.03% (+ 3.13) 98.88% (+ 0.53) +2.86% to +6.85% p <0.01
VGG16 Accuracy 91.49% (+ 0.47) 94.72% (+ 0.44) +2.76% to +3.70%  p < 0.001
Precision 91.54% (+ 0.44) 94.74% (+ 0.44) +2.74% to +3.66% p < 0.001
Recall 91.49% (£ 0.47) 94.72% (+ 0.44) +2.76% to +3.70% p < 0.001
F-1 Score 91.50% (+ 0.47) 94.72% (+ 0.44) +2.75% to +3.69% p < 0.001
AUC 93.48% (£ 0.72) 95.64% (+ 0.65) +1.42% to +3.04% p < 0.001
VGG19 Accuracy 90.46% (+ 0.46) 95.43% (+ 0.41) +4.74% to +5.58%  p < 0.001
Precision 90.25% (+ 0.48) 95.46% (+ 0.43) +4.56% to +5.39% p < 0.001
Recall 90.46% (+ 0.46) 95.43% (+ 0.41) +4.74% to +5.58% p < 0.001
F-1 Score 90.33% (+ 0.46) 95.43% (+ 0.41) +4.69% to +5.49% p < 0.001
AUC 93.52% (+ 0.58) 96.32% (+ 0.65) +2.24% to +3.32% p < 0.001

After balancing the training dataset, eight experimental
configurations were applied: four CNN architectures, each
tested with and without WGAN-GP augmentation; each
configuration was executed 10 independent times. The
evaluation of four CNN architectures ResNet-50, AlexNet,
VGG-16, and VGG-19 demonstrated a consistent
improvement in classification performance when trained
with the WGAN-GP augmented dataset compared to the
original imbalanced dataset.

Table 8. shows that the application of Wasserstein GAN
with Gradient Penalty (WGAN-GP) for data augmentation
resulted in statistically significant performance
imptovements across all tested Convolutional Neural
Network (CNN) architectures. The evaluation, spanning
metrics of Accuracy, Precision, Recall, F-1 Score, and
AUC, consistently demonstrated that augmenting the
training dataset with synthetic images yielded superior
outcomes compared to training on the original data alone.
The statistical significance of these improvements (p <
0.05 for all comparisons) underscores the efficacy and
robustness of WGAN-GP as a technique to overcome
data scarcity and improve the generalization capabilities
of the models in this context. While all architectures
benefited from the augmentation, a comparative analysis
identifies the AlexNet model paired with WGAN-GP as the
definitive top performer. This configuration achieved the
highest mean scores across every evaluation metric:
Accuracy (98.54%), Precision (98.56%), Recall (98.54%),
F-1 Score (98.54%), and AUC (98.88%). This superior

performance suggests a strong synergy between the
feature extraction capabilities of the AlexNet architecture
and the nature of the synthetic data produced by the
WGAN-GP for this specific classification task.

Table 9. Aggregated confusion matrix from 10
independent runs of the AlexNet + WGAN-GP model
on the test set

True Predicted Predicted Predicted Predicted
Label Mild Moderate  Non VeryMild
Mild 1760 0 13 27
Moderate O 128 1 1

Non 13 0 6317 70
VeryMild 10 0 52 4418

Beyond elevating average performance, WGAN-GP
augmentation also markedly improved model stability,
most notably in the AlexNet architecture. The standard
deviation of AlexNet's accuracy was drastically reduced
from +£3.19 in the baseline model to a highly consistent
10.26 with augmentation. This demonstrates that the
technique not only boosts predictive accuracy but also
enhances the reliability and reproducibility of the model's
performance across independent runs, a critical attribute
for deployment in real-world applications.
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Table 10. Performance metrics of the AlexNet +
WGAN-GP model, aggregated from 10 independent
runs

AlexNet+ Precision Recall F1-Score
WGAN-GP

Mild 98.71% 97.78% 98.24%
Moderate 100% 98.46% 99.22%
Non 98.97% 98.70% 98.83%
VeryMild 97.83% 98.62% 98.22%
Accuracy 98,54%

Macro Avg 98.88% 98.39% 98.63%
Weighted Avg  98.54% 98.54% 98.54%

The aggregated results from 10 runs show that the
AlexNet + WGAN-GP model achieves very high and
stable performance, with an overall accuracy of 98.54%
as summarized in Table 10. This strong performance is
also reflected in the Macro Avg F1-Score of 98.63%,
which indicates a balanced classification capability across
all classes, including the minority '"Moderate' class, which
achieved perfect precision. Table 9. provides further detail
through the aggregated confusion matrix shows that the
vast majority of predictions fall on the main diagonal. The
few errors that occurred are concentrated in classes that
are clinically difficult to distinguish, such as the confusion
between the 'Non' and 'Very Mild' classes. This
combination of strong quantitative metrics with an
explainable error pattern confirms the reliability and
robustness of the proposed model.

4. DISCUSSION

The findings of this study establish the Wasserstein GAN
with Gradient Penalty (WGAN-GP) not merely as a data
augmentation tool, but as a powerful feature space refiner
for Alzheimer's disease classification. By learning the
underlying data manifold of brain imaging, WGAN-GP
generates novel, high-fidelity synthetic images that
represent plausible variations of neurodegenerative
pathology, rather than simple interpolations. This process

of creating authentic, on-manifold data proved
transformative, elevating performance across all tested
architectures. More significantly, this study unveiled a
critical insight: diagnostic accuracy is ultimately
determined by the synergy between model architecture
and data quality. This was most evident in the AlexNet
architecture, which, when guided by this enriched
synthetic data, achieved a near-perfect classification
benchmark, establishing that optimal model capacity
paired with superior data can surpass even deeper, more
complex networks.

In the context of prior research, as summarized in
Table 11., our WGAN-GP approach demonstrates a
significant performance edge. Previous studies have
achieved commendable results using simpler
oversampling techniques; for instance, a notable
benchmark was set at 97.90% accuracy using ADASYN
[3]. While this highlights the effectiveness of addressing
data imbalance, our method achieves comparable, and in
the case of our augmented AlexNet, superior results. We
attribute this to WGAN-GP's ability to generate more
diverse and authentic data compared to the interpolative
nature of SMOTE or ADASYN. Furthermore, our results
surpass those of architectures wusing standard
augmentation, such as the Lightweight CNN which
reached 95.93% [5], and even a modified AlexNet without
generative augmentation that scored 95.70% [11]. This
comparison underscores that the key differentiator was
not the base architecture alone, but the transformative
quality of the WGAN-GP-generated data. Finally, it is
crucial to note that not all generative methods yield
similarly strong results. Another study using a standard
GAN on the ADNI dataset reported only 68% accuracy
[43]. This starkly contrasts with our findings and suggests
that the specific choice of the WGAN-GP architecture,
known for its training stability and high-fidelity output, was
critical to achieving a new state-of-the-art performance in
Alzheimer's classification.

These significant performance gains come at a
pronounced computational cost, as evidenced by training
time increases of 55-118% across architectures, a trade-
off most acutely manifested in computationally intensive
networks. This efficiency-performance dichotomy
highlights WGAN-GP's role as a force multiplier for

Table 11. Benchmarking Results for Various Alzheimer's Disease Classification Models from Prior Studies

Classification

Oversampling

Researcher Dataset Model Model Result
C e P SMOTE 94.17%
[3] Alzheimer’s Disease (Kaggle) CNN ADASYN 97.90%
s Image Data . . .
[5] Alzheimer’s Disease (Kaggle) CNN Generator Lightweight CNN: 95.93%
VGG-16: 85.07%
[11] Alzheimer’s Disease (Kaggle) CNN - ResNet-50: 75.25%
Mod AlexNet: 95.70%
[44] Alzheimer’s Disease (Kaggle) CNN SMOTE 90.78%
[43] Alzheimer’s Disease (ADNI) InceptionV3 GAN 68%

Corresponding author: Muhammad Itgan Mazdadi, mazdadi@ulm.ac.id, Department of Computer Science, Lambung Mangkurat University, JI.
A. Yani Km 36, Banjarbaru 70714, Indonesia. DOI: https://doi.org/10.35882/ijeeemi.v7i3.109

Copyright © 2025 by the authors. Published by Jurusan Teknik Elektromedik, Politeknik Kesehatan Kemenkes Surabaya Indonesia. This work
is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 International License (CC BY-SA 4.0).

534


https://ijeeemi.org/
https://portal.issn.org/resource/ISSN-L/2656-8624
mailto:mazdadi@ulm.ac.id
https://doi.org/10.35882/ijeeemi.v7i3.109
https://creativecommons.org/licenses/by-sa/4.0/

Indonesian Journal of Electronics, Electromedical Engineering, and Medical Informatics

e-ISSN: 2656-8624

Homepage: https://ijeeemi.org/; Vol. 7, No. 3, pp. 526-538, August 2025

diagnostic capability rather than an optimization tool,
prioritizing clinical accuracy over operational expediency
while establishing clear architecture-specific
implementation thresholds for real-world deployment.
This is a crucial point regarding the real-world applicability
of our method. We acknowledge that the training phase
involving WGAN-GP is computationally intensive.
However, it is essential to distinguish between the one-
time training cost and the ongoing deployment (inference)
cost. The significant computational overhead is an upfront
investment incurred only during the model development
stage. This intensive process aims to create a highly
robust and accurate classifier by overcoming the
limitations of data scarcity and imbalance. The final
product intended for a clinical setting is the trained CNN
classifier, not the GAN itself.

The clinical utility of this final, highly accurate classifier
is profound. Its enhanced accuracy and reliability can
directly support earlier diagnosis and reduce the risk of
misdiagnosis, which are critical factors in managing
neurodegenerative diseases. Furthermore, the model
serves as a robust decision support tool for clinicians,
providing an objective assessment to complement their
expertise. This ultimately contributes to greater diagnostic
efficiency and improved patient management pathways.

5. CONCLUSION

The results conclusively demonstrate that data
augmentation using a WGAN-GP provides a substantial
and statistically significant enhancement to the
performance of all evaluated CNN architectures for this
classification task. Among the tested configurations, the
AlexNet model augmented with WGAN-GP emerged as
the top performer, achieving the highest scores across all
metrics, including an accuracy of 98.54% (+0.26). This
approach not only elevates the models' predictive
capabilities but also markedly improves their stability, as
evidenced by the significant reduction in standard
deviation. Therefore, this study validates WGAN-GP as a
highly effective and reliable technique for generating
synthetic data to overcome dataset limitations and boost
model performance in this domain.

For future work, several promising avenues can be
explored. First, investigating other advanced GAN
variants may yield synthetic images with even greater
realism and diversity, potentially leading to further
performance gains. Second, exploring a hybrid approach
that combines WGAN-GP augmentation with other
techniques such as advanced transfer learning or other
forms of data augmentation could uncover synergistic
effects. Finally, testing the generalizability of this method
on different medical imaging modalities (e.g., PET, CT
scans) or larger, multi-centric datasets would be a
valuable step to validate its robustness and applicability in
broader clinical contexts.
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