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Abstract:

Early detection of Alzheimer's Disease (AD) is essential for timely clinical intervention. However, conventional
Magnetic Resonance Imaging-based (MRI-based) diagnostic approaches are often limited by class imbalance,
insufficient training data, inter-dataset variability, and inadequate feature extraction capability, which reduce the
reliability of early-stage AD identification. This study proposed an enhanced deep learning framework that integrated
a Transformer-based Generative Adversarial Network (TGAN) with an attention-enhanced ResNet-50 architecture for
robust multiclass classification of Cognitively Normal (CN), Mild Cognitive Impairment (MCI), and Alzheimer’s Disease
(AD) MRI images. The TGAN model was employed to generate anatomically realistic synthetic MRI scans to address
dataset imbalance and improve feature diversity, while the enhanced ResNet-50 utilized residual learning and
attention mechanisms to improve the extraction of discriminative neuroanatomical features associated with disease
progression. A comprehensive preprocessing pipeline was applied to standardize MRI data obtained from the ADNI
and OASIS datasets. We conducted a series of experiments on the ADNI and OASIS databases. The proposed
system demonstrated a classification accuracy of 94.8% on ADNI and 93.6% on OASIS, greatly surpassing baseline
models such as ordinary ResNet-50, DenseNet-121, and traditional GAN-augmented CNNs. Ablation investigations
further verified the significance of the Transformer-based generator and attention-enhanced residual blocks, each
yielding substantial performance enhancements.
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1. INTRODUCTION

Alzheimer’s Disease (AD) is a degenerative neurological disorder and the most common cause of dementia worldwide,
accounting for approximately 60—-70% of all dementia cases (1). Its impact on cognitive function and daily living activities
necessitates early and accurate diagnosis (2). According to the World Health Organization, the number of individuals living
with dementia is expected to reach nearly 150 million by 2050, placing enormous pressure on healthcare systems globally
(3). Early diagnosis of AD is crucial because it enables timely and appropriate treatment. However, early-stage diagnosis
remains challenging due to the complex structural abnormalities present in the brain. Magnetic Resonance Imaging (MRI)
has emerged as one of the most reliable non-invasive imaging modalities for detecting structural brain abnormalities
associated with AD (4). Deep learning-based techniques have demonstrated significant potential in automating AD
detection from MRI scans (5). Convolutional Neural Networks (CNNs) have achieved competitive performance compared
with handcrafted approaches. Nevertheless, the practical deployment of these models faces several important challenges:
(1) high-quality annotated MRI datasets are limited due to privacy concerns and the difficulty of collecting balanced
samples; (2) variations in scanner technology and demographic distributions across datasets reduce model
generalizability; and (3) CNN-based classifiers often fail to capture long-range dependencies in brain structures and may
overfit when trained on small datasets.

To address these challenges, this study proposed a deep learning-based architecture for AD detection that integrates
preprocessing, data augmentation, and enhanced classification. Specifically, the proposed method employs a
Transformer-based Generative Adversarial Network (TGAN) for data augmentation to generate high-quality and
anatomically realistic MRI scans. Unlike conventional CNN-based generators, the transformer-based architecture
effectively models long-range dependencies and contextual brain structures. These synthetic scans expand the dataset
and mitigate class imbalance. For classification, we employ an Enhanced ResNet-50 architecture augmented with attention
mechanisms and improved residual connections. The proposed framework was validated using two widely used
benchmark datasets: the Alzheimer’'s Disease Neuroimaging Initiative (ADNI) (6) and the Open Access Series of Imaging
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Studies (OASIS) (7). Therefore, through this study, a comprehensive preprocessing pipeline incorporating skull stripping,
bias field correction, normalization, and scan slicing to produce high-quality MRI inputs was designed, an enhanced TGAN-
based MRI augmentation framework capable of generating realistic synthetic data to address data scarcity and improve
class balance was proposed, and Enhanced ResNet-50 classifier integrated with attention mechanisms to improve the
classification performance of AD, Mild Cognitive Impairment (MCI), and Cognitively Normal (CN) subjects was introduced.

Despite the rapid advancement of deep learning in medical image analysis, AD detection remains constrained by two
interrelated challenges: limited data availability and weak model generalization. Most state-of-the-art classification models,
including CNNs, depend heavily on large and balanced datasets to achieve robust performance (8). However, publicly
available MRI datasets such as ADNI and OASIS are relatively small and imbalanced, which negatively affects
classification accuracy (9). Furthermore, although traditional GAN-based augmentation methods have shown promise,
they often struggle to generate anatomically realistic MRI scans. Standard convolutional generators are unable to
effectively capture long-range spatial correlations among brain regions, which are essential for identifying subtle AD-related
abnormalities. As a result, the generated synthetic images may contain unrealistic artifacts. Therefore, there is a need for
a more robust generative framework capable of preserving global brain context. Motivated by these limitations, this study
presents a TGAN for high-quality MRI data augmentation and an Enhanced ResNet-50 model with attention mechanisms
and improved residual learning for classification. Together, these components address the two major challenges in AD
detection: (i) data scarcity through the generation of anatomically consistent synthetic MRI scans, and (ii) improved
classification robustness through attention-driven feature learning.

2. RELATED WORKS

In recent years, the diagnosis and classification of AD using neuroimaging and machine learning techniques have been
extensively studied (10, 11). This section reviews prior research efforts in three key areas relevant to the proposed work:
(1) deep learning-based AD classification in medical imaging, (2) data augmentation techniques, and (3) GAN-based image
synthesis. Deep learning-based models such as Convolutional Neural Networks (CNNs) have demonstrated significant
success in medical imaging tasks (12). In AD research, CNNs are widely applied to classify MRI and PET images into
cognitive stages such as normal control (NC), mild cognitive impairment (MCI), and AD (13). Several studies have reported
strong results using CNN-based approaches. For example, AbdulAzeem et al. (14) proposed a CNN architecture consisting
of three convolutional and max-pooling layer pairs for binary AD classification. The proposed model was evaluated on MRI
datasets and achieved 95.6% accuracy. Al-Khuzaie et al. (15) developed AlzNet, a five-layer CNN trained on 15,200 OASIS
MRI scans. The model utilized the Adadelta optimizer with a 20% dropout rate and attained 99.53% accuracy. Al-Adhaileh
et al. (16) compared AlexNet and ResNet50 on a four-class Kaggle dataset, where AlexNet achieved 94.53% accuracy
compared with 58.07% for ResNet50. Antony et al. (17) evaluated VGG16 and VGG19 on 780 ADNI MRI images, reporting
accuracies of 81% and 84%, respectively. Savas et al. (18) benchmarked 29 pre-trained models on ADNI images and
identified EfficientNetBO as the best-performing model with 92.98% accuracy. In another study, Sarasua et al. (19)
proposed a ResNet-Self-based approach to enhance hippocampal feature representation on ADNI datasets. Similarly, (20)
combined parallel CNN feature extractors with ensemble learning for 3D MRI volumes. Ebrahimi et al. (21) applied a
transfer learning-based approach to optimize ResNet features for limited datasets, while Khan et al. (22) employed deep
feature extraction with external classifiers to improve cross-site generalization. Despite these advancements, several
challenges remain in existing methods, including overfitting on limited datasets and difficulty in distinguishing subtle
anatomical variations, which often lead to misclassification.

To address data scarcity and class imbalance in medical imaging, researchers have increasingly adopted GANs to
generate realistic synthetic images (23). Although the original vanilla GAN demonstrated the feasibility ofimage generation,
it is now rarely used in its basic form due to training instability. Nevertheless, it laid the foundation for numerous improved
variants. Deep Convolutional GAN (DCGAN) (24) replaced fully connected layers with convolutional layers, enabling more
effective spatial feature learning. A study by Abdelhalim et al. (25) introduced the Wasserstein distance as a loss function,
thereby stabilizing training and improving gradient flow. StyleGAN (26), which builds upon Progressive Growing GAN
(PGGAN) (27), introduced a mapping network to control image style and fine-grained features. In medical imaging
applications, synthetic image generation often requires adherence to specific anatomical constraints. Conditional GANs
(cGANSs) (28) extend vanilla GANs by conditioning both the generator and discriminator on additional information such as
class labels, paired or unpaired images, masked regions, or attention heatmaps. Pix2Pix (29) remains one of the most
widely used cGAN architectures, employing a U-Net-based generator with skip connections and a patch discriminator to
improve local image details. Its extensions, such as SRGAN (30), incorporate perceptual loss functions to further enhance
high-frequency details. However, paired training data are often limited in clinical settings. To overcome this limitation,
CycleGAN (31) enables unpaired image-to-image translation through cycle-consistency constraints, making it particularly
useful for denoising tasks and domain harmonization. More advanced GAN-based models, such as StarGAN (32), support
simultaneous translation across multiple domains within a single network. Oraby et al. (33) integrated GAN-based outputs
with CNN classifiers to improve AD classification accuracy. Despite these improvements, conventional GANs still face
several limitations, including the inability to consistently generate anatomically diverse and high-fidelity brain structures.
These challenges have motivated increasing interest in transformer-based GAN architectures, which are better suited for
capturing long-range dependencies in brain anatomy while maintaining stable adversarial training dynamics.

3. PROPOSED METHOD

The proposed framework is designed based on three main stages. First, a preprocessing pipeline is developed to ensure
high-quality and anatomically consistent MRI inputs. The preprocessing stage includes skull stripping, bias field correction,
intensity normalization, sagittal slice removal, and scan slicing. Second, data augmentation is performed using a GAN to
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address the limited availability and class imbalance commonly found in medical imaging datasets. The proposed GAN
incorporates a Transformer-based Generator capable of capturing long-range relationships within MRI structures to
generate anatomically realistic images. In addition, a Spectrally Normalized Discriminator with residual blocks is employed
to stabilize adversarial training and reduce the generation of unrealistic artifacts. Furthermore, attention-enhanced feature
encoding guides the generator to focus on diagnostically relevant brain regions. Finally, classification is performed using
an Enhanced ResNet-50 model, which extends the standard residual network with attention mechanisms and improved
skip connections. Figure 1 illustrates the proposed framework.
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Figure 1. Conceptual diagram of the proposed framework.

3.1 Preprocessing Pipeline

As described earlier, the first stage involves a preprocessing pipeline, which plays a vital role in MRI data preparation.
Generally, raw MRI data may contain non-brain tissues and spatial irregularities that can negatively affect feature
extraction. To address these issues, multiple preprocessing operations are applied sequentially. Initially, skull stripping is
performed to remove non-brain structures such as the skull, scalp, and other irrelevant features. This is followed by bias
field correction to address intensity inhomogeneities caused by the scanner. Next, intensity normalization is applied to
standardize voxel intensity distributions across subjects. To further improve the data quality, sagittal slice reduction is
performed to eliminate unnecessary slices. In addition, scan slicing is conducted to partition each MRI volume into
anatomically consistent slices. Finally, all preprocessed scans are resized to a uniform spatial resolution to match the input
requirements of both the TGAN and the Enhanced ResNet-50 classifier.

3.2 Enhanced GAN for Data Augmentation

Following the preprocessing stage, the next step focuses on data augmentation using a TGAN. This component addresses
the inherent limitations of medical imaging datasets, such as limited sample size and class imbalance, by generating high-
quality synthetic MRI scans. Unlike conventional GAN architectures that rely primarily on convolutional layers, the proposed
TGAN employs a Transformer-based Generator to capture long-range spatial dependencies and maintain structural
consistency. In addition, it utilizes a Spectrally Normalized Discriminator with residual blocks to ensure stable adversarial

© 2026 Penerbit UTM Press. All rights reserved htps:/doiora 011115 hmentoon vans. 196

119



Mohammed Madhat et al. /Journal of Human Centered Technology 5:2 (2026) 117 — 128

training and reduce the risk of generating unrealistic artifacts. Details of the proposed TGAN generator and discriminator
are presented in the following subsections.

3.3 Enhanced Transformer-Based Generator

Traditional GAN generators rely heavily on stacked convolutional layers, which are often insufficient for capturing global
interactions across complex neuroanatomical structures. To address these limitations, the proposed Enhanced GAN
incorporates a fully transformer-based generator for MRI synthesis. This generator introduces several architectural
innovations: (1) Hierarchical Resolution Enhancement, in which high-resolution MRlIs are progressively reconstructed using
PixelShuffle-based upsampling; and (2) Transformer Encoder Blocks, where each refinement stage consists of stacked
transformer encoder blocks composed of Multi-Head Self-Attention to model global dependencies between distant brain
regions, feedforward MLPs with GELU activation (33) to introduce non-linearity and improve representational capacity, as
well as Layer Normalization and residual connections. Inspired by the Vision Transformer (ViT) (34), the generator
processes MRI images as tokenized feature patches rather than on a pixel-by-pixel basis, thereby significantly reducing
computational complexity while preserving spatial coherence. In addition, dropout layers are incorporated within the
transformer-based blocks to reduce overfitting. Figure 2 illustrates the proposed transformer-based generator.
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Figure 2. lllustration of the proposed transformer-based generator. While the transformer consists of multiple up-sampling stages
combined.

3.3.1 Spectrally Normalized Discriminator

Complementing the generator, the discriminator is meant to discriminate between actual and synthetic MRIs data. The
model includes a lightweight convolutional backbone supplemented with Spectral Normalization and Residual Blocks. The
Spectral Normalization is applied to all convolutional layers (35), to prevent gradient explosion and mode collapse, two
typical errors in medical GAN training. This results to smoother adversarial dynamics and improved convergence. Residual
Blocks, are integrated to support deeper architectures without degradation. ReLU Activations and Average Pooling are
employed for better efficiency. The average pooling is used to replace max pooling to reduce overfitting and maintain
balance. Figure 3 shows the normalized descriminator.
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Figure 3. Normalized Discriminator.
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3.3.2 Enhanced ResNet-50 for Classification

While the preprocessing pipeline guarantees that input data are anatomically coherent and the GAN augmentation enriches
the dataset with structurally realistic synthetic MRIs, accurate diagnosis hinges on a classifier capable of extracting subtle
disease-related signals. Standard convolutional networks, including the baseline ResNet-50, have showed potential in
medical imaging; nevertheless, they often fail to identify the fine-grained neuroanatomical differences that define early
Alzheimer’s progression. To address this shortcoming, the Enhanced ResNet-50 combines various architectural
enhancements targeted at amplifying diagnostic sensitivity, and lowering overfitting: The proposed model retains the core
residual learning principle of ResNet-50, where shortcut connections allow the network to learn residual mappings instead
of direct feature transformations. The residual operation is mathematically expressed as in Equation (1):

y=FC, W} +x (1)

where x denotes the input feature map, F(x, {W;}) + represents the residual mapping learned by convolutional layers with
weights {W;}, and y is the output feature representation. The shortcut connection improves gradient propagation, mitigates
vanishing gradient problems, and enables stable training of deeper networks.

To improve the extraction of disease-specific biomarkers, attention modules were integrated into the residual blocks.
The attention mechanism enables the network to assign higher importance to discriminative brain regions such as the
hippocampus and cortical areas associated with Alzheimer’s Disease progression. The channel attention process can be
represented as in Equation (2):

Xc =sc - Xc (2)

where X, is the input feature channel, s, the learned attention coefficient, and X, represents the recalibrated feature map.
This operation suppresses irrelevant features while amplifying diagnostically meaningful patterns, thereby improving
classification sensitivity and specificity.

Batch normalization layers were incorporated to stabilize training and reduce internal covariate shift by normalizing
intermediate feature distributions. Dropout regularization was further introduced to reduce overfitting by randomly
deactivating neurons during training, thereby improving model generalization across heterogeneous MRI datasets. Instead
of using large fully connected layers, Global Average Pooling (GAP) was employed to reduce the number of trainable
parameters and minimize overfitting. GAP summarizes spatial feature representations into compact global descriptors
while preserving discriminative information relevant for classification. The final classification stage employs a softmax
activation function to estimate the probability distribution across the three diagnostic classes: Cognitively Normal (CN),
Mild Cognitive Impairment (MCI), and Alzheimer’s Disease (AD). The softmax function is defined as in Equation (3):

eZi

—1e”’

where P(y;) is the predicted probability for class i, z; denotes the output logits, and K represents the total number of
classes.

4. EXPERIMENTAL METHOD

In this section, we explain the experimental study for evaluating the proposed model. We first describe the datasets then
the experimental setting for the model evaluation. Next we presents the evaluation metrics.

4.1 Dataset Description

Experiments were conducted on a system equipped with an NVIDIA Tesla V100 GPU and an Intel Xeon 64-core processor.
The model was implemented using PyTorch (36) and TensorFlow (37), and trained with the Adam optimizer (38). This
study utilized two publicly available benchmark neuroimaging datasets, namely the Alzheimer’s Disease Neuroimaging
Initiative (ADNI) dataset (39) and the Open Access Series of Imaging Studies (OASIS) dataset, (40) to evaluate the
effectiveness and generalization capability of the proposed framework for Alzheimer’s Disease (AD) classification. The
datasets contain T1-weighted brain MRI scans representing three diagnostic categories: Cognitively Normal (CN), Mild
Cognitive Impairment (MCI), and Alzheimer’s Disease (AD). To ensure consistency in data preparation, MRI volumes from
both datasets were preprocessed and converted into two-dimensional sagittal slices. Approximately 3,000 MRI slices were
extracted from the selected patient scans after preprocessing, including skull stripping, bias field correction, intensity
normalization, and spatial resizing. The extracted slices were then grouped according to their corresponding diagnostic
labels. The patient distribution and class balance were carefully considered to minimize classification bias and improve
model robustness. Since the original datasets exhibited class imbalance, particularly for the MCI category, the proposed
Transformer-based Generative Adversarial Network (TGAN) was employed to generate synthetic MRI images for minority
classes and improve intra-class diversity. Table 1 shows the statistics of the datasets. Figures 4 and 5 show illustration of
the ADNI and OASIS datasets respectively.
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Table 1. Patient Distribution and Class Balance.

Dataset Class Number of Patients Number of MRI Slices Percentage (%)
ADNI CN 42 620 20.7
MCI 48 890 29.7
AD 40 590 19.6
OASIS CN 28 320 10.7
MCI 30 340 11.3
AD 24 240 8.0
Total — 212 3,000 100
Stage Pre-processed (Original MRI) Post-processed (After Pre-processing Pipeline)

CN

(Cognitively Normal)

MCI
(Mild Cognitive
Impairment)

AD

Alzheimer's Disease)

Figure 4. An illustration of the ADSNI datasets.

Stage Pre-processed (Original MRI) Post-processed (After Pre-processing Pipeline)

CN

(Cognitively Normal)

MClI
(Mild Cognitive
Impairment)

AD

(Alzheimer's Disease)

4 L v
Figure 5. lllustration of OASIS datasets.

4.2 Hyperparameter Settings

The proposed model robustness was evaluated using five-fold cross-validation across different data splits. Table 3 shows
the summary of the hyper parameter settings.

Table 2. Hyperparameter settings and MRI preprocessing configuration.

Category Parameter Value / Configuration
Hardware GPU NVIDIA Tesla V100

CPU Intel Xeon 64-Core
Frameworks Deep Learning Libraries PyTorch, TensorFlow
MRI Preprocessing Skull Stripping FreeSurfer / FSL BET

Bias Field Correction N4 Bias Correction

Intensity Normalization Min-Max Normalization

Noise Reduction Gaussian Filtering

Spatial Resizing 224 x 224 pixels

Slice Extraction Sagittal MRI slices
Training Settings Optimizer Adam

Learning Rate 0.0001

Batch Size 32

Number of Epochs 80

Weight Decay 0.0005

Dropout Rate 0.5

Cross Validation 5-Fold
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Category Parameter Value / Configuration
Transformer GAN Latent Vector Dimension 100

Attention Heads 8

Transformer Layers 6

Activation Function GELU

GAN Loss Function Adversarial Loss
Enhanced ResNet-50 Attention Module Squeeze-and-Excitation

Pooling Layer Global Average Pooling

Final Activation Softmax

Qutput Classes CN, MCI, AD

The selected hyperparameter configuration contributed to stable GAN convergence, improved feature representation,
and enhanced classification robustness across heterogeneous MRI datasets.

4.3 Evaluation Metrics

To evaluate the performance of the proposed model in terms of the Image quality and the classification performance. We
use both image quality metrics for GAN augmentation and the classification metrics.

4.3.1 Image Quality Metrics for GAN Augmentation

To evaluate the performance of the proposed GAN based model in terms of the data quality, the following metrics were
used: Fréchet Inception Distance (FID): Measures similarity between the distributions of real and produced images. Lower
ratings suggest more realistic outputs; Structural Similarity Index Measure (SSIM) which Evaluates structural similarity
between actual and synthetic images, focusing on texture and anatomical preservation; and Peak Signal-to-Noise Ratio
(PSNR) which Quantifies image reconstruction quality in terms of pixel-level fidelity.

4.3.2 Classification Metrics

To test classification performance on AD, MCI, and CN categories, the following standard measures were employed:
Accuracy (ACC) which is the Overall proportion of correctly identified samples; Precision (P) which is the Ability to correctly
recognize favorable predictions; Recall (R) / Sensitivity which is the Ability to appropriately identify patients with AD or MCl;
Specificity (SP): Ability to appropriately identify cognitively normal subjects; F1-Score which is the Harmonic mean of
Precision and Recall; and Area Under the ROC Curve (AUC) which is the Overall robustness of categorization.

5. RESULTS AND DISCUSSION

This section presents the experimental results of the proposed model. We first provide the results on the ADNI datasets
and then provide the results for OASIS datasets for both the image quality based on the GAN model and the classification
of the proposed approach based on the ResNet 50. Next we provide the ablation results to investigate the impact of
different components of the model.

5.1 Results on ADNI Dataset

Table 3 reports the results of the proposed GAN based model compared with the baselines which include DCGAN, WGAN-
GP, cGAN and StyleGAN2. The performance was evaluated based on FID, SSIM and PSNR metrics. From the table it can
be observed that, The Enhanced GAN greatly outperformed the baselines, achieving the lowest FID (31.4) and the highest
SSIM (0.902) and PSNR (32.8 dB).

Table 3. Image quality comparison on ADNI dataset.

Model FID | SSIM 1 PSNR (dB) 1
DCGAN 68.4 +2.1 0.781 £0.014 23.5+0.8
WGAN-GP 542+1.8 0.812 £0.012 24.7+0.7
cGAN 496 +1.6 0.829 + 0.011 25.3+0.6
StyleGAN2 42.8+1.3 0.853 + 0.009 26.1+0.5
Proposed Enhanced GAN 314+09 0.902 + 0.006 328+04

Table 4 summarizes the classification results (including the standard deviations for 10 runs) of the proposed ResNet-
50 compared with five baselines which include VGG16, DenseNet-121, 3D CNN, GAN+CNN, and Vanilla ResNet 50.
Performance is expressed in terms of Accuracy (ACC), Precision (P), Recall (R), Specificity (SP), F1-Score, and AUC.
From the results, one can see that, our proposed model experience an overall accuracy of 94.8% which is much higher
than the vanilla ResNet-50 (87.5%) and traditional GAN+CNN techniques (86.3%). Notably, the model achieved the
greatest AUC (0.97) value. Figure 6 illustrates the confusion matrices corresponding to all baseline models, providing a
detailed view of their classification performance across the three classes: Normal, MCI, and AD. A progressive
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improvement in correct classification can be observed, particularly for the MCI and AD categories, as the quality of data

augmentation increases.

Table 4. Classification performance on SDNI datasets.

Model ACC (%) P (%) R (%) SP (%) F1 (%) AUC
VGG16 832+ 1.8 826+17  809+19 85415 817+18  0.87+0.02
DenseNet-121 856+ 1.5 849+14  831+16 867+13 840+15  0.890.01
3D CNN (Baseline) 84.1+1.7 832+16  825+18 850+15 828+16  0.88%0.02
GAN +CNN 86.3+ 1.4 857+13  842+15 87.4+12 84914  0.90%0.01
Vanilla ResNet-50 875+ 1.2 86.9 % 1.1 853+13 882:10 86.1£12  0.91+0.01
Proposed ResNet-50 94.810.7 91.8+0.8  907+09 93107 91.2:08  0.97%0.01

CN MClI AD

CN MCl AD
Predicted

CN

MCI

AD

CN MCl
Predicted

CN

MCl

AD

CN MmcCl
Predicted

AD

AD

70 CN

MCI

20 AD

70 CN

MCl

AD

CN

Figure 6. Confusion matrices on ADNI datasets.
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The experimental results confirm the effectiveness of the proposed approach in tackling two critical challenges in AD
detection: 1) Limited Data Availability in which The Enhanced GAN generated realistic and diverse MRIs, which enriches
the training dataset and reduces overfitting. The Enhanced ResNet-50 captured subtle neuroanatomical differences
between MCI and AD cases, outperforming all baselines in both cases. Compared to standard CNN models such as
VGG16, DenseNet-121, the proposed approach delivered substantial gains in classification performances.

5.2 Results on OASIS Dataset

To validate the robustness and generalizability of the proposed framework, experiments were also conducted on the OASIS
dataset. As with ADNI, performance was evaluated in two parts: (i) Image quality of generated MRIs using the proposed
Enhanced GAN and (ii) Classification accuracy using the Enhanced ResNet-50 compared with baseline models. The
results closely mirror those observed in ADNI. Table 5 shows the Image Quality Comparison on OASIS Dataset including
the standard deviations for 10 runs. From the table, it can be shown that, the Enhanced GAN achieves the lowest FID
(33.1) and the highest SSIM (0.896) and PSNR (31.9 dB) which outperforms StyleGAN2 and other baselines.

Table 5. Image quality comparison on OASIS dataset.

Model FID | SSIM 1 PSNR (dB) 1
DCGAN 71.2+24 0.774 £ 0.015 22.8+0.9
WGAN-GP 579+1.9 0.801 +£0.013 239+0.7
cGA 51.3+1.7 0.824 + 0.011 24.6 +0.6
StyleGAN2 445+1.4 0.847 + 0.009 258+0.5
Proposed Enhanced GAN 33.1+£0.8 0.896 + 0.005 31.9+04

© 2026 Penerbit UTM Press. All rights reserved

https://www.humentech.utm.my
https://doi.org/10.11113/humentech.vbn2.139

124



Mohammed Madhat et al. /Journal of Human Centered Technology 5:2 (2026) 117 — 128

Table 6 shows the Classification Performance Comparison on OASIS Dataset, including the standard deviations for
10 runs. From the results it can be shown that The Enhanced ResNet-50 achieved 93.6% accuracy which outperforms the
vanilla ResNet-50 (86.4%) and conventional GAN+CNN (85.2%). Importantly, the AUC of 0.9 demonstrates strong
discriminative capability across AD, MCI, and CN groups. Figure 7 presents the confusion matrices for all baseline models,
illustrating their classification performance across the three classes: Normal, MCI, and AD. The results highlight
progressive improvements in correct classification, particularly for the MCI and AD classes, as the quality of augmentation
increases.

Table 6. Classification performance comparison on OASIS dataset.

Model ACC (%) P (%) R (%) SP (%) F1 (%) AUC
VGG16 81.7+1.9 80.9+1.8 79.5+2.0 83.2+1.6 80.2+1.8 0.85+0.02
DenseNet-121 84.1+16 83.6+15 82.1+17 853114 828+15 0.87 £ 0.01
3D CNN (Baseline) 82.8+1.8 82.1+1.7 81.0+1.9 84.0+1.6 81.5+1.7 0.86 + 0.02
GAN + CNN (Conventional) 85.2+15 846+14 834+1.6 86.5+1.3 84.0+14 0.88 +0.01
Vanilla ResNet-50 86.4+1.3 859+1.2 84.7+14 87.2+1.1 85.2+1.2 0.89 £ 0.01
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Figure 7. Confusion matrices on OASIS datasets.

The results on OASIS further confirm the robustness of the proposed framework. From the results it can be shown that,
our GAN Augmentation model consistently improved data diversity and structural fidelity, as seen from high SSIM and
PSNR values across both datasets. Also it can be seen that, the Classification Performance showed comparable gains in
both datasets, with the Enhanced ResNet-50 maintaining superior accuracy and AUC over all baselines. Taken together,
the experiments demonstrate that the proposed approach not only excels on a large-scale benchmark (ADNI) but also
generalizes effectively to smaller, heterogeneous datasets (OASIS).

5.3 Comparison with State-of-the-Art Methods

To further validate the effectiveness of the proposed framework, we compare its performance with state-of-the-art data
augmentation and classification approaches recently reported in literature. The evaluation is done using both image quality
metrics and classification performance metrics. Table 7 shows the comparison results of the proposed GAN model. From
the results it can be seen that, the proposed GAN led to superior performances in all cases. Table 8 shows the classification
results with several recent deep learning-based frameworks.

From the results, it is evident that our proposed model consistently outperforms existing methods. The proposed model
achieves SSIM scores of 0.902 and 0.895 on ADNI and OASIS datasets respectively. Moreover, our proposed model
shows 32.8 dB and 31.9 dB on the ADNI and OASIS datasets respectively. A major strength of our model is its consistent
performance across ADNI and OASIS. While most baselines show drops in SSIM or PSNR when applied to OASIS, our
model maintains near-identical values across both datasets (SSIM drop of only 0.007 and PSNR drop of 0.9 dB). This
indicates strong domain generalization, which is vital for real-world clinical deployment where scanners and acquisition
protocols vary. Table 6 shows the effectiveness of the proposed framework against several widely adopted deep learning
approaches for AD classification. From the results, we can see that the proposed model achieves 94.8% and 93.6%

https://www.humentech.utm.my
https://doi.org/10.11113/humentech.vbn2.139

125

© 2026 Penerbit UTM Press. All rights reserved



Mohammed Madhat et al. /Journal of Human Centered Technology 5:2 (2026) 117 — 128

accuracy on the ADNI and OASIS dataset respectively outperforming all selected baseline models. The proposed model
shows absolute improvements of 2.8—4.4% on ADNI and 0.4—1.6% on OASIS. This margin, while moderate, is consistent
across both datasets and demonstrates that integrating Transformer-GAN augmentation with attention mechanisms yields
more discriminative features than conventional CNNs or ViT alone. ROI ensemble methods that focus on hippocampal
segmentation achieve around 93-94% on OASIS, but they are limited to specific brain regions and may lose global
contextual information. Similarly, GAN+CNN hybrids report accuracies in the 88—-92% range with AUCs around 0.88—0.92.
Our approach’s AUC of 0.96—0.97 underscores its more reliable sensitivity and specificity.

Table 7. Comparison results of image quality performance.

Stud ADNI OASIS

y SSIM (1) PSNR (1) SSIM (1) PSNR (1)
DSR-GAN + CNN (41) 0.847 29.3 0.841 28.8
SR GAN for Brain MRI (42) 0.944 26.92 0.940 26.1
Cross-Modality GAN (43) 0.890 N/R 0.885 N/R
Proposed (Ours) 0.902 32.8 0.895 31.9

1 Higher is better; | Lower is better; N/R = Not Reported.

Table 8. Comparison of proposed model with selected existing models.

Study ADNI OASI

Model & Reference Accuracy (%) AUC Accuracy (%) AUC

(ViT + Augmentation) (44) 90.4 — 93.2 —
(Transfer Learning + Augmentation) (2, 45) 92.0 — 92.0 —

(GAN + CNN + Transfer Learning) (46) 88-92 0.88-0.92 88-92 0.88-0.92
Transformer (ViT variants) (47) 75-95 — 75-95 —
Proposed Model 94.8 0.97 93.6 0.96

6. CONCLUSION

This study proposed an enhanced framework for AD detection that integrates a TGA for data augmentation and an
Enhanced ResNet-50 model for robust classification. The proposed TGAN demonstrated its ability to generate high-quality,
structurally consistent synthetic MRI scans by capturing long-range dependencies and preserving critical biomarkers such
as hippocampal atrophy. This augmentation significantly improved data diversity and enhanced the robustness of the
classifier. The Enhanced ResNet-50 model, incorporating attention mechanisms and improved residual connections,
achieved superior performance in distinguishing between Alzheimer’s Disease (AD), Mild Cognitive Impairment (MCI), and
Cognitively Normal (CN) subjects. Extensive experiments on ADNI and OASIS datasets confirmed that the proposed
framework outperforms conventional baselines in terms of classification accuracy, sensitivity, specificity, and image quality
metrics. Overall, this research demonstrates that combining Transformer-based GAN augmentation with attention-
enhanced deep learning classifiers provides a powerful and generalizable solution for Alzheimer’s Disease detection.
Beyond AD, the methodology holds promise for other neurodegenerative disorders and broader medical imaging
applications where high-quality data and reliable classification are critical. From a practical perspective, the proposed
framework demonstrates strong potential as a computer-aided diagnostic support system for early-stage Alzheimer’s
Disease assessment using MRI data. By improving the discrimination of MCl and AD cases from cognitively normal
subjects, the framework may assist clinicians in achieving more reliable and consistent diagnostic decisions. In addition,
the ability of the proposed model to generalize across datasets with different imaging characteristics suggests its
applicability in heterogeneous clinical environments. Despite the strong classification performance achieved by the
proposed framework, interpretability and transparency remain critical considerations for real-world healthcare deployment.
The proposed model combines enhanced preprocessing, Transformer-based GAN augmentation, and attention-enhanced
ResNet-50 architecture, which may increase the complexity of the decision-making process. Furthermore, the use of
synthetic MRI data and multiple preprocessing operations may raise concerns regarding feature reliability and potential
information loss. To address these concerns, future work will incorporate Explainable Artificial Intelligence (XAl) techniques
such as Grad-CAM, SHAP, and attention visualization methods to improve model interpretability. Another future direction
will involve collaboration with medical specialists to perform prospective clinical validation using independent real-world
MRI datasets and expert annotations.
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