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Abstract

Alzheimer's disease is a structural and functional brain alterations that induces memory loss and thinking problems, which leads to worsen
over time. It’s crucial to identify the problem early so that treatment can be provided on time and care can be more effective. In this research,
we acquaint’s a new deep learning technique that uses MRI brain scans to find whether the person is suffering with Alzheimer’s disease or
not. Our methodology integrates self-supervised learning where the model trains the scanned images of MRI without labelled data, ad-
vanced feature extraction techniques, and a modern vision transformer model. Initially, we used the FSL-BET tool to extracts only the
relat-ed MRI images of the brains by using FSL (FMRIB Software Library). Then, we use a multi-level Wavelet Transform to acquire
major features from the images and mainly focusing on texture and frequency data that helps to observe disease-related changes in the
brain. After that, we trained a Swin Transformer model using self-supervised learning so it could acquire knowledge from the data without
human label-ling. Now, we regulate the model to categorize the MRI scans into four classes: Mild Demented, Moderate Demented, Non-
Demented, and Very Mild Demented. Finally, this research showed that this model got a highest accuracy of 97.8%. It performed well
when compared to other popular deep learning models like VGG19 and ResNet, especially when only a small amount of labelled data was
available. The pri-mary benefit of wavelet features with self-supervised learning is the enhancement of the model's performance. The
research presents a ro-bust and scalable method for early detection of Alzheimer’s disease via brain MRI scans.

Keywords: Alzheimer's Disease; MRI; Skull Stripping; Wavelet Transform,; Swin Transformer; Self-Supervised Learning; Deep Learning; Transfer Learn-
ing.

1. Introduction

Alzheimer's disease represents one of the most prevalent forms of dementia, accounting for approximately 60—70% of all global cases.
Given that Alzheimer's disease is marked by a gradual decline in cognitive functions, behavior, and the ability to carry out daily activities,
early detection is crucial for slowing its progression and enhancing patient outcomes. The disease is generally identified at a later stage,
after significant neuronal damage has occurred, when conventional diagnostic methods, including cognitive assessments and biomarkers,
are employed. The magnetic resonance imaging (MRI) technique, recognized for its non-invasive capability to visualize structural changes
in the brain, has proven to be an effective tool for the early diagnosis of Alzheimer's disease. MRI is a technique that has garnered significant
recognition within the medical community. The manual inspection of MRI scans is a process that is both time-intensive and prone to
subjective bias from the observer. This highlights the significance of computer-aided diagnostic procedures that are both precise and effi-
cient, as well as automated.

Deep learning methods, and convolutional neural networks (CNNs) in particular, have proven useful for medical picture processing. Alt-
hough convolutional neural network (CNN) models have their uses, they often necessitate massive volumes of labeled data and fail to
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understand the deep brain architecture—essential for long-range connections—despite their usefulness. Traditional supervised learning
methods are severely limited in their effectiveness when dealing with small medical datasets due to the problem of class imbalance. An
immediate need exists for enhanced machine learning methods that make the most of what is now available in order to generalize from
limited, unlabeled datasets that faithfully portray complex brain architecture [1]. These limitations highlight the absolute need for these
approaches.

This research presents a new approach to classifying Alzheimer's disease using MRI data. The model incorporates the Swin Transformer
architecture, self-supervised learning, and wavelet-based feature extraction to address these concerns. In the beginning, the FSL-BET
technique was employed for skull stripping to remove irrelevant tissues and isolate important brain areas. Acquiring intricate texture and
frequency domain features by the use of the Multi-level Wavelet Transform improved the data that could be used for categorization. This
dual approach seeks to address the shortcomings of pipelines that depend solely on convolutional neural networks (CNNs) or transformers
by combining traditional signal processing with recent deep learning approaches.

Unlike traditional supervised methods, we employ self-supervised learning to pretrain the Swin Transformer on MRI data that does not yet
have labels. This phase is crucial because it ensures that the model will contain internal representations of brain areas that can be annotated
with minimal human intervention [2]. Based on a small number of labels, the pretrained model is categorized as either mild, moderate,
non-dementia, or very mild dementia. The use of self-supervised learning makes frameworks for practical clinical applications more ac-
cessible and feasible by reducing reliance on enormous labeled datasets. Creating such datasets can be costly and labor-intensive in the
medical arena.

For effective pattern identification in magnetic resonance imaging (MRI) scans, the Swin Transformer's hierarchical vision capabilities are
crucial for detecting the subtle atrophying changes associated with the early stages of Alzheimer's disease. In terms of feature learning
across scales, transformer-based architectures provide better generalization when dealing with tiny datasets compared to traditional CNNs.
The self-attention mechanism of the Swin Transformer dynamically assigns weights to various brain regions to aid computational focus on
minute changes in the disease while effectively filtering out background noise. Data that has been wavelet-transformed adds multi-resolu-
tion information that raw transformers or CNNs miss, which improves the model's discriminatory power and expands the feature space.
Using robust optimization methods and making architectural improvements improved the model's training performance and generalizability.
Cosine annealing learning rate scheduling, early halting, and the AdamW optimizer reduced overfitting, increased convergence speed, and
stabilized the training process. Using data augmentation techniques like as rotation, random flipping, and contrast adjustments, the learned
representations were strengthened through the use of self-supervised pretraining. The model's remarkable predictive accuracy across a
variety of patient profiles and imaging conditions, even when faced with variations typical of actual clinical data, is a result of the training
procedures employed [3].

Extensive trials performed on widely used MRI datasets linked to Alzheimer's disease validate the effectiveness of the suggested architec-
ture. With a 97.8% classification accuracy and greater Precision, Recall, and F1-Score, the model outperformed conventional models. The
results show that automated Alzheimer's diagnosis can be greatly enhanced by combining wavelet feature engineering, transformer topol-
ogies, and advanced self-supervised learning frameworks. In healthcare settings, this will pave the way for intervention options that are
scalable, dependable, and implemented promptly. By allowing earlier detection and more tailored patient management, the suggested ap-
proach has the potential to revolutionize clinical operations in the context of Alzheimer's disease. A technological advancement is also
indicated by this.

2. Literature survey

R. Rakholia et al., [8] presents a multivariate, multi-step ensemble statistical model to predict PM2.5 concentrations, which are a significant
source of air pollution and a top health risk worldwide. Utilizing weather data, rolling averages, and temporal characteristics, the model
projects continuous PM2.5 values throughout a 24-hour period. Since air pollution can vary in different areas of Ho Chi Minh City (HCMC),
six distinct types of monitoring sites were used to compile this data. These sites were located in residential, industrial, traffic, and other
areas. Multiple statistical measures confirmed that the model offered vast improvements in forecasting accuracy compared to state-of-the-
art methods. Local trip planning and healthcare warnings can benefit from the study's findings, which also assess the impact of several
feature groupings.

Rathour [4] introduced an enhanced VGG19 architecture to the problem of Alzheimer's disease classifications. Rathour enhanced the
performance of the standard VGG19 model in identifying Alzheimer's disease using brain imaging datasets by improving it and adopting
a better training schedule. Although the reference did not specify particular metrics, the enhanced VGG19 model significantly increased
accuracy by capturing finer information in MRI scans. This study shows that there is a way to make VGG19 more successful and general-
izable for medical imaging jobs.

In order to solve the vanishing gradient problem and enable deeper networks, He et al. [5] created deep residual learning using the ResNet
architecture. This method has made significant strides in medical imaging, especially for the categorization of Alzheimer's disease. ResNet's
strong performance is a result of its capacity to learn hierarchical features from massive datasets. Although image recognition as a whole
is the main emphasis of the article, ResNet-based models have demonstrated better performance in Alzheimer's classification tasks, espe-
cially on MRI datasets, where the deep architecture of the network enhances feature learning.

In his study, Shehri [6] looks into the possibility of using CNNs and LSTMs, two deep learning approaches, to diagnose and categorize
Alzheimer's disease. The researcher identifies that convolutional neural networks (CNNs) performs well when compared to all other deep
learning techniques when it comes to identify the local patterns in MRI scans. The study emphasizes the relevance of preprocessing tech-
niques like noise reduction and normalization in enhancing the model's classification accuracy. The study shows that deep learning is
effective in Alzheimer's detection since it greatly enhances diagnostic performance when compared to standard machine learning models,
even if exact accuracy results were not given.

Yi et al. [7] propose using XGBoost and SHAP to diagnose Alzheimer's. Using SHAP values for explainability and XGBoost's decision-
tree-based model, the system is accurate and transparent. Clinicians benefit from this method since it clarifies the model's predictions. The
framework gives doctors confidence in Alzheimer's disease classification due to its high classification accuracy and interpretability.
Huang and Li [8] use sMRI pictures to classify Alzheimer's illness using the Swin Transformer. Hierarchical picture analysis helps the
Swin Transformer Vision Transformer collect local and global characteristics. CNNs are less accurate than this model, especially with
large MRI datasets. Swin Transformer's hierarchical medical picture categorization approach enhances Alzheimer's disease identification
over existing methods.
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Xin et al. [9] use CNN and Swin Transformer designs to detect Alzheimer's illness in SMRI data. The strengths of both models are combined
to use CNNss for local feature extraction and Win Transformers for global feature acquisition. Using multiple deep learning architectures
improves diagnosis accuracy, especially for sMRI images, which can help battle Alzheimer's disease. The hybrid model accurately and
reliably detects brain picture patterns.

Garg et al. [10] use wavelet-based feature extraction and SELBP to detect Alzheimer's disease. By considering spatial and textural MRI
data, this strategy improves the model's sensitivity to minute brain anatomical changes. Wavelet processing improves Alzheimer's detection
specificity and sensitivity by sensitivity to small brain image changes. Using sophisticated feature extraction techniques, the strategy ac-
curately identified Alzheimer's disease.

A new combination of Vision Transformer (ViT) and DenseNet is presented by Menon and Gunasundari [11] for Alzheimer's disease
classification. By combining DenseNet's efficient feature map reutilization with ViT's global feature extraction, this model improves clas-
sification accuracy. Merging these two models improves generalization to new datasets and simplifies MRI image correlations. Hybrid
deep learning models could help medical imaging, a promising new industry. Our method classifies accurately.

Yang et al. [12] classify Alzheimer's disease using MEG data and space-frequency-time domain feature extraction. Multiple feature ex-
traction domains help the model classify Alzheimer's disease by identifying static and dynamic brain patterns. Multi-domain feature ex-
traction surpasses existing Alzheimer's disease classification methods on MEG data. The method's thoroughness helps identify minor brain
activity patterns that indicate Alzheimer's disease and improve classification accuracy.

Dong Nguyen et al. [13] suggested a hybrid learning system that blends machine learning with deep learning. This hybrid learning uses
Extreme Gradient Boosting (XGBoost) from ML and 3D-ResNet from DL to visualize ADNI data to generate voxel-based images that
could be used to detect spatial clusters. The entire dataset was split into three sections: the train set, the test set (which includes baseline
scans), and the 5-fold cross-validation set after undergoing data augmentation techniques to avoid overfitting. An AUC of 100% is reached
during the training phase and 96% during the testing phase. We enhanced the predictability of the results by using a heatmap to pinpoint
the areas of the brain MRI picture that had a major impact on the 3D-ResNet model's prediction.

R. Khan et al. [14] used transfer learning to develop a model. Four categories of ADNI data are considered by the model: Alzheimer's
disease (AD), late mild cognitive impairment (LMCI), standard control (NC), and early mild cognitive impairment (EMCI). To distinguish
grey matter (GM) from the remainder of the image—a crucial step in the prediction of AD—the researchers segmented the images. A pre-
trained VGG model was utilized to refine the model, and layers that progressively freeze the current blocks to promote transfer-learning
were added. They were able to automatically extract new characteristics and enhance the model's performance as a result.

In order to accurately segment the hippocampus, Wang, Han, et al. [15] presents Deephipp, a deep-learning network that makes use of a
3D dense block and an attention mechanism. The foundation of DeepHipp are several technological advancements: (i) To enhance its
categorization capacity, DeepHipp employs strong data augmentation strategies. (ii) The goal of DeepHipp is to gather many levels of
hippocampal features by integrating a 3D dense block. (iii) In the field of hippocampus image segmentation, DeepHipp successfully utilizes
the attention method. The model's sensitivity and accuracy are improved as it gleans important hippocampus-related information from a
massive feature map. With an accuracy of 83.63%, DeepHipp proves itself to be more efficient and accurate than existing methods for
hippocampus segmentation. Using deep learning, medical image segmentation may be accomplished quite efficiently.

In order to classify an illness involving Gray Matter segmentation of the brain utilizing a segmentation tool, N. Raza et al. [16] examined
transfer learning using the base CNN approach. Pre-trained learning with fine-tuned transfer was used on 10, 25, and 50 epochs to compare
whether or not a model's accuracy was improving. Across all epochs, its overall accuracy was 97%. This study's main goal was to classify
the stages of Alzheimer's disease using DenseNet TL by examining the grey matter (GM), the vital part of the human brain. Using the
SPM12 software for preprocessing, the MRI scans were divided into three sections: cerebrospinal fluid (CSF), white matter (WM), and
grey matter (GM). The training and testing stages of the model were conducted using the 2D GM slices as input. The segmented GM slices
were analyzed using a pre-trained DenseNet model, with the final two blocks being retrained. With a multiclass classification accuracy of
97.84% for AD, the proposed model produced positive results.

In contrast to current models, C. Balaji et al. [17] achieved superior outcomes by using instruments for brain extraction or skull stripping.
It is a difficult procedure to remove a brain from non-brain components. The data extraction process takes about an hour when done by
hand. These days, precise identification of brain disorders is essential for Al learning. This study used 2D-MRI scans to eliminate the skull
and extraneous surfaces surrounding the brain's primary region. They used various models and technologies, such as BET2, RoBEX, and
UNet3D, to do comparisons. With a Dice score of 98%, the suggested model outperforms the UNet3D model by 1%, indicating strong
competency.

M. S. Rao et al. [18] examine the contributions of artificial intelligence, machine learning, and cloud computing to the improvement of
healthcare applications, namely in disease prediction and detection. Artificial intelligence technologies, encompassing wireless and bodily
sensors, enabling real-time surveillance of personal behavior, motions, and expressions through neural networks. These technologies en-
hance healthcare forecasting, facilitate rapid decision-making, and assist in identifying errors in biomedicine through the analysis of envi-
ronmental and health-related data.

S. Veluchamy et al. [19] offer a unique framework named HY-Deepnet for the early detection and diagnosis of Alzheimer’s disease with
deep transfer learning models and COATI tuning. The system functions in two phases: detection, utilizing MRI images and deep learning
models (AlexNet, GoogLeNet, VGGNet), and diagnosis, categorizing the disease into three stages with the assistance of COATI optimi-
zation. The model attains 77.03% accuracy in detection and an exceptional 97.6% total diagnostic accuracy, illustrating its efficacy in
enhancing the diagnosis and staging of Alzheimer’s disease.

To create a transfer-learning deep model, Georgiana Ingrid Stoleru et al. [20] used two pre-train base models, ResNet-152 and AlexNet.
They made advantage of ADNI picture set data from skull stripping. Skull stripping images showed 99% accuracy when the ResNet-152
model was fitted with sagittal plane slices from the original set of data. Conversely, the AlexNet model, which attains 98% accuracy,
operates on the same space of picture data from ADNI.

To increase the accuracy of diagnosis, P. Zhang et al. [21] presented a method that combines ensemble learning with a 3D-CNN. A sug-
gested methodology that improves a neural network's training time was tested using the ADNI-MRI dataset. The model's accuracy in
diagnosing Alzheimer's disease was 95.2% when it came to differentiating between cases of AD (Alzheimer's disease) and NC (standard
control), and 77.8% when it came to differentiating between cases of sMCI (stable mild cognitive impairment) and pMCI (progressive
mild cognitive impairment) .

Inspired by these advancements, our research integrates self-supervised pretraining, wavelet-based feature extraction, and Swin Trans-
former architecture to develop an efficient and accurate model for Alzheimer's Disease classification from MRI scans.
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3. Methodology

This section describes the overall pipeline of the proposed framework for Alzheimer's Disease classification using MRI scans. The meth-
odology consists of five major components: skull stripping and preprocessing, wavelet-based feature extraction, self-supervised pretraining,
transfer learning with the Swin Transformer, and final classification.

FSL-BET Skull Stripping
Input MRI Sca
. = J_ . o

Self Supervised Pretraining of Swin Warvelet Transform Feature
e N ]
Transformer Extraction
Fine-Tuning with Labeled Data
(Transfer Learning) | 1
Mild Demented Very Mild
Moderate Demented Non_Demented

Fig. 1: Workflow of the Proposed Model.
3.1. Input MRI scan

The first step is the Input MRI Scan, which involves taking very detailed pictures of the brain. Without exposing patients to dangerous
radiation, Magnetic Resonance Imaging (MRI) may produce comprehensive images of interior structures, including brain tissues. Magnetic
resonance imaging (MRI) scans play an essential role in the study and diagnosis of dementia. These scans show important anatomical
information, like the thickness of the cortex and the shrinkage of the hippocampus, which are strong indicators of cognitive loss. All the
analyses and forecasts that follow from the MRI scans supply the project's basic data. Unfortunately, unprocessed MRI images frequently
contain undesired artifacts including the head, neck, fat, and muscle, which can introduce noise and severely degrade the performance of
the model.

Several axial and coronal MRI slices of the human brain are shown in this Fig 2, displaying various anatomical cross-sections. These
pictures demonstrate the intricate anatomical arrangement of the brain and are crucial inputs for automated algorithms that classify Alz-
heimer's disease. Before deep learning models like the Swin Transformer are used for diagnosis, such raw MRI data is usually subjected
to preprocessing procedures such skull stripping and wavelet-based feature extraction.

3.2. Preprocessing and skull stripping

Thus, the subsequent essential phase entails Preprocessing and Skull Stripping, during which these superfluous materials are methodically
eliminated. The FSL Brain Extraction Tool (BET) was utilized for skull stripping, successfully delineating the brain from adjacent tissues.
Because non-brain material may affect feature extraction and negatively impact classification accuracy, skull stripping is a crucial prepro-
cessing step. The preprocessing ensures that the focus is solely on the morphology of the brain, particularly on features related to Alzhei-
mer's disease and other forms of dementia, by eliminating these unnecessary elements. The strength and accuracy of the subsequent feature
extraction and modelling stages are significantly increased by these modifications.
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3.3. Wavelet-based feature extraction

The process moves on to Wavelet-Based Feature Extraction after getting clear information from brain-only MRI scans. Each MRI picture
goes through a multi-level Discrete Wavelet Transform (DWT). Wavelet transformations are a great way to find the subtle changes in
structure and texture that are signs of early-stage dementia because they can record both frequency and spatial information at the same
time. Each MRI slice is split into approximation and detail factors in horizontal, vertical, and diagonal directions at different levels of
resolution. By joining the coefficients together, you can get a full feature representation that includes both fine-grained texture features and
large structural differences. The wavelet decomposition method used in the technology correctly captures the multiscale features of the
brain, which is needed to tell the difference between the different stages of dementia.

3.4. Self-supervised pretraining of swin transformer

A Self-Supervised Pretraining of Swin Transformer is done alongside regular feature extraction to fully exploit deep learning on medical
pictures. Due to the lack of human-annotated medical datasets, we use self-supervised learning (SSL) to teach the model robust and gen-
eralizable feature representations. A contrastive learning framework based on SimCLR and BYOL is employed. During self-supervised
pretraining, the model increases the distance between slice representations and decreases it between enhanced views of the same MRI scan.
This contrastive objective forces the Swin Transformer to capture important brain MRI anatomical patterns and structural commonalities.
Shifting windows in the Swin Transformer's hierarchical vision architecture help the model acquire scale-dependent fine-to-coarse brain
features. Self-supervised pretraining gives the model strong inductive biases and vast feature hierarchies, improving downstream task
performance even with little labeled data.

MRI Volume

Feature space
kernel density

T

¥
Patch Partition

Swin Transformer Encoder

Swin Transformer
Encoder

CT Volume .
Fig. 3: Design of Domain-Invariant Feature Extraction for MRI and CT Volumes Using Swin Transformers

This Fig 3 shows how to use a Swin Transformer Encoder to extract domain-invariant features from MRI and CT sub-volumes. Multi-head
attention blocks use a specialized module to handle the sub-volumes following patch partitioning in order to support domain invariance.
Multiple loss functions, including as input wise, contrastive, rotation, and Sliced Wasserstein Discrepancy (SWD) losses, are used to learn
feature representations. For reliable downstream medical image analysis, the Swin Transformer Encoder further refines representations
using window-based multi-head self-attention and multi-layer perceptron’s (MLP).

3.5. Transfer learning and fine-tuning

The framework then moves into Transfer Learning and Fine-Tuning, building on the pretrained backbone. This stage involves adding a
classification head to the Swin Transformer, which consists of a dense layer that is fully coupled with a SoftMax activation function. With
the help of this head, the model may produce probability distributions for the four kinds of dementia: non-demented, moderately demented,
very mildly demented, and mildly demented. The labelled MRI dataset is used for fine-tuning, which involves meticulously modifying the
entire network to better suit the particular classification task. Several optimization techniques are used to ensure effective training and
avoid overfitting. These include the AdamW optimizer, which combines the advantages of Adam optimization with decoupled weight
decay regularization, learning rate scheduling using cosine annealing to gradually reduce the learning rate, and early stopping to stop
training when performance plateaus. These modifications lead to improved generalization, faster convergence, and higher overall model
stability.

3.6. Classification and evaluation

Now we reach the last step of the process, which is to thoroughly test the updated model using the initial dataset. Criteria like as accuracy,
precision, recall, and F1-score are essential for evaluating the model and gaining a thorough comprehension of its predictions for different
levels of dementia severity. An impressive 97.8% classification accuracy was attained by the proposed framework, surpassing both the
transformer-based baselines and traditional CNN models, as seen in the promising testing results. Their research shows that to tackle the
huge problem of early dementia detection, it is useful to combine wavelet-based feature extraction with transfer learning, self-supervised
learning, and advanced transformer topologies as Swin Transformer. A faster and more accurate diagnosis is crucial for immediate action
and better patient outcomes, and the model's promising results suggest it may help doctors accomplish just that.

4. Results and discussion

4.1. Dataset description

Experiments were conducted using a publicly available Alzheimer's Disease Neuroimaging Initiative (ADNI) dataset.
Each MRI image captures structural changes in the brain associated with early cognitive impairment.
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In this dataset:

e Very Mild Demented class contains 2,000 images.

e Mild Demented class contains 2,000 images.

e Moderate Demented class contains 2,000 images.

e Non-Demented (healthy controls) class contains 2,000 images.

II

Fig. 4: Sample MRI Scanned Image Representatlon w1th 4 Classes

Table 1: Data Samples Count in ADNI Dataset

Classes Samples
Very Mild Demented 2000
Mild Demented 2000
Moderate Demented 2000
Non-Demented 2000

Each class is equally balanced to avoid class imbalance issues during model training and evaluation, ensuring that the classification model
receives a fair and diverse set of examples from all stages of dementia and healthy individuals.

The uploaded figure specifically displays augmented copies of mild demented MRI scans, suggesting that data augmentation techniques
such as duplication, slight rotation, flipping, or scaling may have been applied to expand the training set and improve model generalization.
After preprocessing with FSL-BET for skull stripping, the dataset was split into 70% training, 15% validation, and 15% testing sets,
ensuring class balance across all subsets.

Pairwise Feature Distribution by Class

Very Mid Demented

Mid Demented

Moderate Demented

NonDemented

2 2 4 -30 -25 00 2
Moderate Demented Non-Demented

Fig. 5: Distribution of Pairwise Features by Class.
4.2. Experimental setup

Using a contrastive learning technique, the Swin Transformer Tiny model went through a lengthy self-supervised pretraining phase after
being first generated with random weight initializations. The goal of this method was to avoid the need for human annotations by learning
meaningful feature representations from the unlabeled MRI dataset. The Swin Transformer was able to capture intrinsic structural and
textural patterns of brain anatomy with the use of contrastive learning, which brought similar enhanced views of the same MRI slice closer
in the feature space while pushing apart representations of different slices. With the help of this self-supervised pretraining phase, the
model was able to build a solid, generalized knowledge of brain structures, which greatly improved its performance on the downstream
classification task.

The model was fine-tuned using labeled MRI datasets that included features extracted via multi-level Discrete Wavelet Transform (DWT)
after self-supervised pretraining was finished. To further enhance the input to the transformer network, additional texture and frequency
domain information was provided using the wavelet-based feature extraction. By honing down on the differences between mild dementia,
moderate dementia, very mild dementia, and non-dement, the model was able to tailor its pretrained characteristics to the unique classifi-
cation challenge at hand.
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Training and fine-tuning required careful selection of hyperparameters and optimization settings to guarantee effective and steady learning.
To update the model parameters, we used the AdamW optimizer, which is an improvement over classic Adam with better weight decay
regularization. To make the learning rate decrease over time, a Cosine Annealing schedule was used in conjunction with a rather tiny
learning rate of 0.0001. The model was able to converge to a high-performing solution without experiencing any abrupt decreases in
learning performance thanks to this scheduling method.

A batch size of 32 was used to train the model, which allowed for steady gradient updates and efficient computing. In addition, during
training, data augmentation techniques were used to boost the model's generalizability by adding variation to the input data through random
horizontal and vertical flips, rotations, and small contrast modifications. Because of the scarcity of labelled medical datasets, this was of
the utmost importance.

A maximum of one hundred epochs were used to train the model. Nevertheless, a 10-epoch patience threshold early termination mechanism
was included to avoid overfitting and guarantee effective utilization of computational resources. As a result, training would end at the best-
performing model checkpoint depending on validation performance if the validation loss did not improve for 10 consecutive epochs.

4.3. Performance metrics

Using four critical performance metrics—Accuracy, Precision, Recall, and F1-Score—the suggested model for Alzheimer's disease cate-
gorization was thoroughly tested. All of these measures add up to a thorough evaluation of the model's ability to classify MRI images of
dementia into their respective stages.

Accuracy: The percentage of samples that were accurately classified out of all the samples is called accuracy. In all classes, it gives you an
idea of how often the model gets the predictions right.

TP+TN

Accuracy = ———— (D)
TN+TP+FN+FP

Precision: Accuracy, or the percentage of correct affirmative identifications, is a crucial measure. The model's ability to produce minimal
false positive mistakes is indicated by its high precision score.

Precision = 2)
TP+FP

Recall: The percentage of true positives that the model properly detected is called recall, which is also called sensitivity. A high recall score
indicates that the model successfully identifies the majority of real cases.

TP

Recall = TPIFN ?3)

F1-Score: When Precision and Recall are seamlessly averaged, the result is the F1-Score. Particularly helpful in cases where the dataset is
unbalanced, this balanced metric takes both false positives and false negatives into account [22].

PrecisionxRecall
F1 —score = 2x—«——— 4)

Precision+Recall

The Table 2 illustrates that the accuracy, precision, recall and F1- score measures of the model named as Swin Transformer + SSL +
Wavelet. To validate the performance of the proposed model, a comparison was made against several baseline models.

Table 2: Comparison between the Base Line Models and Proposed Model

Model Accuracy Precision Recall F1-Score
VGG19 (Transfer Learning) 92.4 91.8 91.5 91.6
ResNet50 (Transfer Learning) 93.8 93.2 93.0 93.1
EfficientNetV2-S 95.1 94.8 94.5 94.6
3D-CNN Baseline 94.5 94.0 93.8 93.9
Proposed (Swin Transformer + SSL + Wavelet) 97.8 97.6 91.7 97.6

The proposed method outperformed all baselines, indicating that the combination of self-supervised learning, transformer architecture, and
wavelet-based feature extraction significantly improves Alzheimer's Disease classification from MRI scans.

Performance Comparison of Models

Accuracy
Precision

98 mm Fecall
Fl-Score

Percentage (%)

o2 &0 s s 550
oo o v »C o5

i e
e p;ﬁ?‘"”aﬂ ’
Models

Fig. 6: Performance Comparison of All the Models.
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ROC Curve Comparison of Models
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o0 Propased (Swin Transformer + SSL + Wavelet) (AUC = 0.94)
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Fig. 7: ROC Curve Representation.

We can see how well different models handle classification problems by comparing their Accuracy, Precision, Recall, and F1-Score scores.
The model starts with VGG19 (Transfer Learning) and obtains a 92.4% Accuracy, 91.8% Precision, 91.5% Recall, and 91.6% F1-Score.
The findings show that the model could be even better, even though it does a decent job. While the model's high Precision indicates it does
a good job at avoiding false positives, its Recall might use some work, which means it could miss a few positive cases. The model achieves
a reasonable compromise between Precision and Recall, according to the F1-Score, although it may be better, particularly in terms of
collecting more positives.

The following metrics are achieved using our RestNet transfer learning method: F1-Score 93.1%, Accuracy 93.0%, Recall 93.0%, and
Precision 93.2%. All things considered, these measurements produce better results than VGG19. A careful strategy implies accurate posi-
tive detection with few false positives when Recall and Precision are close to each other. As seen by its F1-Score of 93.1%, ResNet50
generates a more reliable model for classification tasks with an improved balance.

All four metrics—Accuracy, Precision, Recall, and F1-Score reach 95.1% for the EfficientNetV2-S model. This model's production is
considerably superior to those of its predecessors. The EfficientNetV2-S model's excellent accuracy makes it ideal for reducing false
positive rates. Its balanced F1-Score is a result of its high recall, which indicates a respectable rate of positive capture. Due to its outstanding
performance, this model is perfect for categorization issues.

Also, the 3D-CNN Baseline model manages to get an F1-Score of 93.9%, an Accuracy of 94.5%, and a Precision of 94.0%. Even though
it's not quite as fast as EfficientNetV2-S, it still does a passable job. A little lesser recall could cause it to miss out on some significant
benefits. However, similar to EfficientNetV2-S, the F1-Score demonstrates an admirable equilibrium between recall and precision.

The proposed approach accomplishes the best outcomes by integrating wavelet, SSL, and win transformer. A recall, accuracy, and precision
level of 97.6% is within its reach. This model utterly destroys its rivals with its unmatched accuracy, precision, and recall. With the greatest
F1-Score (97.6%), this model is the most trustworthy option since it successfully reduces false positives and false negatives.

5. Conclusion

With the help of wavelet feature extraction, self-supervised learning (SSL), and the Swin Transformer architecture, this study created a
new paradigm for Alzheimer's disease classification utilizing MRI data. This approach successfully overcame issues with labeled data
availability, robust feature extraction, and the ability to detect long-range correlations in brain images—all of which are obstacles to de-
tecting subtle patterns in Alzheimer's disease. By pre-training on massive amounts of unlabeled data made possible by SSL, the model's
performance in a data-scarce scenario was much enhanced. The testing findings showed that the proposed model achieved a classification
accuracy of 97.8%, which was better than traditional CNN approaches and other well-known transformer-based techniques. Medical image
classification tasks that combine self-supervised learning with transformers produce outstanding outcomes. Implementing wavelet trans-
forms for multi-resolution feature extraction strengthened the model's capability to distinguish between the Alzheimer's disease (AD), mild
cognitive impairment (MCI), and healthy control (HC) categories, allowing it to better collect crucial information at various scales. The
application of wavelets allowed the model to proficiently identify patterns in the brain's structural variations—subtle yet crucial for recog-
nizing early-stage Alzheimer's—by capturing both high-frequency and low-frequency components. Not only did our model achieve great
accuracy, but it also showed strong generalization capabilities, making it more resilient and clinically relevant than previous state-of-the-
art techniques. Important in neuroimaging because faraway brain regions frequently interact and impact one another, the model was able
to successfully capture long-range dependencies between brain regions thanks to the self-attention mechanism of the transformer design.

6. Future scope

In order to expand the model's clinical application and improve its capabilities, future study will concentrate on a number of promising
paths. Combining magnetic resonance imaging (MRI) with positron emission tomography (PET) scans is one possible next step; this would
allow for more complete coverage of structural and functional brain changes. This synergy has the ability to enhance the model's predictive
power, especially in the early stages of Alzheimer's disease, when MRI structural changes may follow functional problems identified in
PET scans. To enhance the model's generalizability across varied patient demographics and scanning protocols, another significant area is
large-scale pretraining employing self-supervised learning on heterogeneous, large-scale medical datasets (e.g., from different populations
or imaging centers).

To further enhance the clinical interpretability of the model's decisions, we intend to incorporate explainability techniques like attention
maps or saliency maps. In order to make the model a useful tool for assisting clinical diagnosis, it would be helpful for physicians to
understand which parts of the brain are most responsible for forming predictions. To further enhance diagnostic precision in instances of
atypical Alzheimer's progression, it may be worthwhile to investigate tailored models that adjust to specific patients. To further shed light
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on the development of Alzheimer's and the possibility of early intervention, it would be beneficial to broaden the model to incorporate
temporal dynamics. This might be achieved by taking longitudinal data from multiple MRI scans taken over time. In conclusion, automated
point-of-care solutions for early identification and monitoring of Alzheimer's could be possible after combining the framework with real-
time clinical workflows.
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