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Abstract: Alzheimer's disease is an irreversible, progressive brain disorder that slowly destroys memory and thinking skills and,
eventually, the ability to carry out the simplest tasks. Conventional deep learning methods usually find it difficult to simultaneously
extract local anatomical features and long-range contextual relationships from brain MRI images. To this end, we introduce a
hybrid3D CNN-Vision Transformer architecture for multi-stage Alzheimer’s disease classification in this work. The proposed
model integrates volumetric feature extraction with a 3D CNN and global attention modeling via the Vision Transformer, together
with a self-supervised pretraining approach. Experiments show that the proposed model can achieve an overall classification
accuracy of 98.23%, which outperforms other ensemble CNN and multimodal fusion methods. The results suggest better feature
representation, higher class-wise performance and more effective generalization among disease stages.
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1. INTRODUCTION

Alzheimer’s disease (AD) is a degenerative brain disease associated with gradual and irreversible decline of
memory, cognition, and overall daily functions [1]. It is the most prevalent cause of dementia globally, and it is a
major public health challenge given the growing aging population. Identifying individuals at risk for Alzheimer’s
disease is important, as interventions are more likely to be successful earlier during cognitive decline. Magnetic
resonance imaging (MRI) is the method of choice for detecting structural brain changes linked to various stages of
AD [2]. But manual diagnosis is a long ordeal that human beings may not always be patient to perform, and it is also
prone to error which has prompted interest in Al-powered diagnostic systems.

In the last few years, deep learning approaches in general and CNNs have shown excellent results for medical
image classification. Due to the capability of automatically learning discriminative features from MRI, CNN-based
methods are very popular in AD detection. However, traditional CNN architecture typically only considers local
spatial patterns and may hardly integrate long-range interactions between brain regions [4]. Meanwhile, transformer-
based architectures have achieved great success on modeling global contextual relationships but heavily rely on large
scale datasets and may not perform well in terms of strong local feature extraction if they are used alone [5].

The purpose of the present work is to alleviate the drawbacks of single deep learning architecture by attempting
to model features from CNNs and transformers within the same hybrid framework. And if we combine volumetric
feature extraction with global attention mechanisms [6], it would be able to have better and more robust classification
results for the multi-stage of Alzheimer’s disease.
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The goal of this study is to implement a novel hybrid 3D CNN-ViT model that can accurately classify MCI
stages to AD as well as the baseline accuracy and generalization to different subjects. The paper also presents a self-
supervised pretraining method to improve feature learning quality, by leveraging the small amount of labeled medical
data.

The new key points of this Work are:

A hybrid architecture that combines a 3D CNN for local volumetric feature extraction and a Vision Transformer
for global context modeling.

The introduction of self-supervised pretraining for better feature representation learning and over-fitting
reduction.

Application of a universal algorithm that is capable of multi-stage Alzheimer’s diagnosis.

Improved classification performance, with accuracy of about 98.23%, achieving the better CNN-based and
multimodal fusion methods previously reported.

The rest of this paper is structured as follows. Section 2 provides an extensive survey of related works in
Alzheimer’s disease diagnosis and deep learning methods. In section 3, we detail our experimental configuration of
the proposed hybrid method regarding architecture, algorithm and training policy. Implementation environment,
dataset properties and experimental setting are described in Section 4. Results analysis and comparisons with previous
works are reported in section 5. Finally, Section -6 discusses the conclusion of the paper and future possible research
directions.

2. REVIEW OF LITERATURE

Alzheimer’s disease (AD) is a chronic and progressive neurodegenerative disorder featuring cognitive,
behavioral and memory dysfunction. It is the most prevalent among dementia disorders in addition to still remaining
as a critical worldwide public health threat. According to more recent estimates, millions of people are affected world-
wide and there is extraordinary suggestion that this prevalence will increase significantly due to aging [11], [24].
Epidemiological studies indicate that incidence and prevalence rates are steadily rising in all regions, albeit with very
high and rapidly increasing rates reported from developed countries and East Asia, respectively [4], [19]. Health
system data also indicate a significant economic and clinical burden, such as high hospitalization rates, mortality and
cost of care, particularly among older individuals and women [3]. These results underline the importance of having
early diagnostic strategies and disease modifying interventions.

1. Pathophysiology and Disease Progression

Alzheimer’s disease is associated with a complicated pathological process, which includes amyloid-beta (AB)
deposition of plaque, tau protein hyperphosphorylation, synaptic impairment and so on [5]. Although the amyloid
cascade hypothesis is a prevailing model in AD research, recent studies have highlighted other mechanisms including
neuroinflammation, oxidative stress and vascular dysfunction [5], [37]. The pathobiology of the disease is now
appreciated to be a spectrum, starting with asymptomatic biological changes that may occur decades prior to clinical
symptoms [10], [14]. This evolving knowledge has transformed diagnostic paradigms from symptom-based groupings
to biomarker-driven approaches [9], [25].

Biological markers such as CSF and imaging-based amyloid and tau pathology indicators have allowed
molecular based diagnosis and refined disease staging [25]. In addition, blood-based markers have recently been
developed as a minimally invasive alternative that present good associations with standard cerebrospinal fluid
markers and allow widespread screening [8], [12]. These are important for early device design concern, since
therapeutic intervention is most effective during early and middle stages of the disease [9].

2. Global Burden and Public Health Implications

The worldwide prevalence of Alzheimer’s disease is increasing, and estimates expect a soaring number of cases
over the next half-century [11], [24]. Demographic ageing is the major cause of this trend, but lifestyle factors and
higher diagnostic yield and sensitivity also play a role in increasing prevalence [4]. Estimation based on worldwide
data reports a dramatic increase in dementia-attributable mortality and disability-adjusted life years (DALYs), with
higher prevalence among women than men [24]. To this end, policy strategies in a number of nations are focused on
the disease by increasing research funding, developing national strategies and forming collaborative frameworks [15].
Nevertheless, the chasm between the immediacy of the problem and the speed of therapeutic development is still very
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wide [11]. These difficulties highlight the need for early intervention, preventative measures and targeted therapeutic
strategies.

3. Advances in Therapeutic Strategies

Therapeutic research in Alzheimer’s disease (AD) has shifted from symptomatic drugs to disease-modifying
agents. Standard pharmacotherapy, including cholinesterase inhibitors and memantine, mainly provides symptomatic
benefit [9]. However, emerging anti-amyloid monoclonal antibodies (mAbs), such as leucaena and donanemab have
shown efficacy in delaying clinical decline among subjects who are prodromal AD [9]. Other interventions like anti-
inflammatory drugs, pathways associated with vasculature and blood-brain barrier healing have also been studied
[5]. Phototherapeutic agents, nanotechnology-based drug delivery systems and photo biomodulation also have shown
promise by targeting amyloid plaques or reducing neuroinflammation [7]. Stem cell therapy is another evolving
direction, and embryonic, mesenchymal, neural and induced pluripotent stem cells have all been reported to be able
to facilitate neurodegeneration, suppress inflammation and induce angiogenesis [2]. Despite their potential, these
strategies are hindered by ethical issues, varied cell culture biology and unreliable clinical results [2]. To improve
cell migration and differentiation, other approaches such as Bioengineering strategies and electromagnetic field-
guidance systems are being explored [2, 7].

4. Biomarkers and Early Diagnostic Approaches

Diagnosis in early stages is important for timely treatment and management of the diseases. Breakthroughs in
biomarker discovery have revolutionized the diagnostic scene, leading to earlier recognition of disease and improved
identification of its stage [9], [25]. Diagnostic tools such as MRI and PET imaging play a key role when used in clinic
[13], [25]. But such procedures are often expensive and invasive, precluding their wide application. The available
data from recent studies indicate that blood-based biomarkers should be considered as accessible options for the early
diagnosis [8], [12]. Dried blood spot methods, as an example, have shown good agreement with conventional
biomarkers and potential utility in mass screening [8]. There is also ongoing work investigating genetic and cognitive
markers for the early identification of disease, and where combined with cognitive tests have high diagnostic accuracy
[35].

5. Artificial Intelligence in Alzheimer’s Disease Diagnosis

Artificial intelligence (AI) and machine learning have recently offered potential promises to develop robust
algorithms for analysis of complex biomedical data with possible improvement in diagnosis accuracy. Deep learning
architectures, especially Convolutional Neural Networks (CNN), have shown impressive accuracy in AD stages
classification from the images of brain [16], [30]. For instance, DenseNet architectures achieved diagnostic accuracies
higher than 86% based on MRI data [16], and hybrid models using different CNN architectures also reached accuracy
above 97% [31]. More complicated architectures are designed to enhance the capability of feature extraction and
classification (3). Channel-attention-attentive CNNs and 2D-3D CNN architectures have reached multi-class
classification accuracy over 98% [27], [29]. There are also transfer learning methods using EfficientNet-type models
that exhibit high sensitivity and specificity in classifying the stage of AD [28]. The transformer architectures have
generated considerable interest because of their capacity to model long-range global contextual interactions in image
data. Although Vision Transformer models have reported good diagnostic accuracy, the pooled sensitivity and
specificity are greater than 92% and 95%, respectively [20]. Lightweight CNN-transformer hybrid models used on
EEG data were able to reach a classification accuracy of around 95% for neurodegenerative disorders [22]. Among
imaging, Al models have been exploited from textual and cognitive data. BERT integrated medical entity recognition
has been found to accurately delineate AD from clinical text with a performance above 94% [23]. Such multimodal
approaches demonstrate that Al can combine heterogenous data sources to improve and stabilize diagnosis.

6. Multimodal Artificial Intelligence and Data Fusion

Recent studies suggest that multi-modal integration of information may be crucial to enhancing diagnostic
performance. Multimodal Al methodologies pool imaging, genetic, biomarker and clinical data to improve disease
prognosis and classification [1], [13]. Bibliometric analysis It’s a growing trend towards the integration of multiple
data modalities, and that intermediate fusion strategies become 2019 The Author(s) effective to address
heterogeneous data sources [1]. Multimodal imaging modalities, i.e., PET/MRI have provided a better diagnostic
accuracy in comparison to single modalities [33]. Likewise, the combination of imaging data with clinical and genetic
data has proved promising for a more accurate disease description and prognostication [1]. Multimodal Deep
Learning Methods Multimodal deep learning models are widely studied and consistently outperform single modality
models, especially in early detection across different reviews [17]. Such generative models, including Generative
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Adversarial Networks (GANs) and diffusion-based models have also been applied to enrich datasets as well as
enhance classification results. Some studies presented diagnostic accuracy near 99% with GAN-based methods but
concerns about computational cost and interpretability remain [26].

7. Emerging Technologies and Remote Monitoring

In addition to imaging and biomarkers, other new technologies like wearable sensors, smart home systems or
remote monitoring platforms are under development for supporting diagnosis and care of AD [21]. Such systems can
acquire behavioral, physiological and environmental data for continuous monitoring and early detection of cognitive
decline. Nonetheless, concerns about privacy, ease of use and validation continue to stand in the way of clinical
integration [21]. Optical coherence tomography (OCT) has also been investigated as a potential non-invasive
diagnostic means to detect retinal alterations, which are closely related to the neurodegenerative diseases such as AD
[34]. Moreover, reports on systemic conditions such as periodontal health and inflammation show an association
possibly linking these systemic associations with the disparate onset of neurodegeneration [36].

8. Ethical, Bias, and Implementation Challenges

Despite the promising progress, a few challenges continue to exist in the implementation of Al-based
diagnostic systems. Bias or imbalanced training data can cause its predictions to be inaccurate or unfair, i.e., not all
users receive the same permissions [6]. Ethical challenges associated with data sharing, privacy and clinical
integration are also barriers to widespread use [18]. Several Al models achieve high performance under controlled
settings but have not been robustly validated at scale or in a real-world setting [22], [33], [42]. Computational
complexity and lack of interpretability, requirement for standardization in datasets, are other challenges for its clinical
integration [17], [26]. Better data sharing, standardized evaluation protocols and multidisciplinary collaboration are
necessary to tackle these challenges.

9. Preventive and Risk-Based Approaches

Recent studies increasingly focus on preventive approaches that are directed against modifiable risk factors for
Alzheimer’s disease. Through bioinformatic assay, hundreds of potential risk factors and candidate drugs, such as
lipid-lowering drug, anti-inflammatory drug and metabolism-adjusted medicine have been identified [14]. Prevention
of disease might be substantially reduced with early intervention on these pathways. Lifestyle, cognitive training and
tailored treatment are now acknowledged as essential elements in AD management [9]. Such strategies are intended
to help postpone the age of onset of disease and increase quality of life for patients and their careers.

10. Summary and Research Gaps

There are rapid advances in Alzheimer's disease diagnosis and treatment in literature from innovations in
biomarker research, artificial intelligence, and multi-modal data integration. Multimodal Al strategies lead to superior
performance compared with single modality-only methods, suggesting that the combination of imaging, genetic and
clinical data is essential [1],17]. These deep learning models, such as CNNs and transformer-based architectures have
demonstrated high diagnostic accuracies demonstrating strong clinical potential [20], [27], [29].

However, significant challenges remain. Several studies proceed with small datasets, secondary validation and
a consequent lack of generalization and clinical applicability [22], [33]. Real-world deployment is also hindered due
to ethical considerations, biased datasets, and computational demand [6], [26]. Nevertheless, despite the advances in
therapy there is a limited number of effective disease-modifying treatments and more ongoing research is required
[11], [37].

Future work could instead focus on the development of multimodal frameworks that are more resistant to
attack, a more diverse set of datasets or how they can be used to improve model interpretability. Combining Al
diagnostic tools with biomarker-driven clinical pathways may result in earlier detection, patient specific treatment
regimens and better patient outcome. Ongoing interdisciplinary efforts between clinicians, engineers and
policymakers will be key to harnessing these advances into practical, scalable solutions for Alzheimer’s disease care.
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3. METHODOLOGY

3.1 Proposed architecture

-]
Figure 1: Overall Hybrid 3D CNN—Vision Transformer Architecture

This figure 1 shows the entire pipeline of the proposed hybrid model for Alzheimer’s disease diagnosis.
Preprocessing: All labeled and unlabeled volumes of MRI are preprocessed -resizing, normalization, skull stripping
and intensity standardization. In the self-supervised pretraining phase, we utilize unlabeled data for learning general-
purpose robust features. The pretrained weights are used to initialize the supervised 3D CNN encoder, which is used
for extracting volumetric features. The features are projected into a Vision Transformer and then feature fusion
operation is performed to feed the outcome into fully connected layers to predict the disease stage with softmax
classification.
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Figure 2: Self-Supervised Pretraining Process

This figure 2 illustrates the internal architecture of the self-supervised pretraining stage. Unregimented MRI
tokens are also randomly masked to a degree specified by a predefined masking ratio. The visible tokens are encoded
with a transformer encoder to yield representations. “mask”™ tokens are added and an efficient decoder reconstruct s
the masked token. Reconstruction loss is only calculated on masked regions, to learn meaningful anatomical
structures without labels. The encoder/decoder parameters are updated alternates until convergence, and the
pretrained weights with the converged model are retained for supervised learning.

Figure 3 gives us an illustration of the internal structure of the 3D CNN encoder for volumetric feature
extraction. The input MR volume is passed through several Conv3D blocks, formed by convolution-batch
normalization-ReLU-layer. Down-sampling layers are responsible to reduce the spatial size and increase abstraction
of features. Staged convolutional layers extract increasing-localized anatomical features. An optional channel-
attention module is used to amplify salient features. The overall output is a set of 3D high-level feature maps that
already contain structural information and are subsequently used for tokenization and transformer-based global
modeling.

These 4 figures illustrate the volumetric MRI data processing based on transformers. The input volume is
resampled, normalized and possibly augmented. It is subsequently split into a set of disjoint 3D patches, and each
patch is projected to a latent embedding. To retain spatial information positional encodings are incorporated. The

token sequence flows through several transformer blocks containing layer normalization, multi-head self-attention,
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and feed-forward networks with residual connections. These layers are designed to account for long-range
dependencies among brain regions, so that a global contextual representation of the MRI volume is generated.
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Figure 3: 3D CNN Encoder Internal Architecture Figure 4: Vision Transformer Processing
Pipeline

292



b

GD CNN Feature Maps ID

—

A

™

Tokenize CHN features

r

b

Transformer output tokens

4

L

h

r

Global pooling on CHNN

feat

ures

Pool transformer tokens ar

take CL

S token

-

A

Local represe

ntation u_cnn

b

y

—

Global representation u_vit

i

Concatenate or Add

h

r

Mormalize f

used vector

b

r

FC Layer 1 + R

eLll + Dropout

Softmax probabilities

PN

ND MoD

Figure 5: Feature Fusion and Classification Module

This figure 5 shows the integration of local CNN features and global transformer representations. Then we use
global pooling on both 3D CNN feature maps for local features and transformer outputs for the global representation.
The vectors are concatenated or added and normalized as a fused feature vector. The concatenation result is fed into
fully connected layers followed by activation and dropout to regularize the model. Lastly, a softmax classifier predicts
the probabilities of the four Alzheimer’s disease stages (ND, VMD, MD and MoD).
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3.2 Algorithm
Algorithm 1: MRI Volume Preprocessing and Patch Token Generation

Input: Raw MRI 2D & 3D image volume X € RHXWxD
Output: Embedded patch tokens Z, € RV*4

1: Resample the input MRI volume Xto a fixed spatial resolution (H» W' D"):

X, = Resample(X)
2: Normalize voxel intensities using z-score normalization:

_ Xr—Hu
nTote
3: Apply data augmentation transformations during training:
X=7 (Xn)

4: Divide the normalized volume into non-overlapping 3D patches of size p X p X p:

(X JN_, = Patchify(X)
5: Project each patch into a latent embedding space:

Zy = )(~ k WE + bE
6: Add positional encodings to preserve spatial context:

ZO = [Zl,Zz, ""ZN] + P
7: Return the patch token matrix Z,.

The preprocessing pipeline used to homogenize and stabilize raw brain MRI volumes before model learning is
described in Algorithm 1. The MRI scans are resampled to a common spatial resolution and intensity-normalized for
alleviating inter-scanner variation. To improve generalization, data augmentation is optionally used. These
normalized volumes are then divided into non-overlapping 3D patches, which are linearly projected onto a latent
embedding space and enriched with positional encodings. This converts the volumetric MRI data into token
representations compatible with transformers.

Algorithm 2: Self-Supervised Pretraining via Masked Autoencoding

Input: Patch tokens Zy
Output: Pretrained encoder parameters 6

, masking ratio p

1: Randomly mask a subset of tokens based on ratio p:

Q={klke(-p)N}
2: Select visible tokens Z,, = {Z,[k] | k € Q}.

3: Encode visible tokens using a transformer encoder f5(+):

H = fo(Z,)
4: Reconstruct masked tokens using a lightweight decoder g4 (-):

Z = g4([H;m])
5: Compute reconstruction loss on masked tokens only:

1 A
Lsst = e Zkea 1 2k = Zok I3
6: Update encoder and decoder parameters using gradient descent.

7: Repeat until convergence and store pretrained parameters 6.

The self-supervised pretraining procedure for learning a robust anatomical representation over unlabeled MRI
data is shown in Algorithm 2. Some randomly selected patch tokens, i.e., parts of the input) are masked and only
visible ones are processed by a transformer encoder. A light-weight decoder regenerates the masked tokens, and
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reconstruction is driven by a decoding loss computed on the obscured areas only. This self-supervised learning scheme
allows the model to capture inherent brain structure without using label, leading to a great promotion in feature quality
as well as generalization capability for Alzheimer’s disease classification.

Algorithm 3: Supervised Hybrid 3D CNN—Vision Transformer Training

Input: Labeled MRI volumes (X, vy,
Output: Optimized model parameters 6

1: Extract volumetric features using a pretrained 3D CNN encoder h,:
Fi = hqo(X;)

2: Convert feature maps into patch tokens:

Zéi) = Tokenize(F;)
3: Pass tokens through Vision Transformer layers with self-attention:

Z{z = MSA(Z{)_l) + MLP(Z{J_]_)
4: Aggregate global representation using pooling or classification token:

u; = Pool(Z\”)
5: Predict class probabilities using softmax classifier:

y; = softmax(Wu; + b)
6: Compute multi-class cross-entropy loss:

C
Loy ==Y 1(y = O)log (Bic)
c=1

7: Update parameters Gusing backpropagation.

The supervised training procedure of the proposed hybrid architecture for multi-stages Alzheimer’s disease
classification is summarized in Algorithm 3. A pretrained 3D CNN encoder is used to extract local volumetric features
from MRI scans, which capture fine-grained anatomical alterations. These features are tokenized and run through a
sequence of Vision Transformer layers with self-attention mechanisms which capture long-range inter-regional
dependencies. The global representation that follows is pooled and softmax classified. To differentiate the stages of
Alzheimer’s disease precisely, we train model parameters by multi-class cross-entropy loss.

Algorithm 4: Inference, Calibration, and Explainability

Input: Test MRI volume X
Output: Predicted AD stage ¢, probability P, explanation map M

1: Perform forward inference to obtain logits:
z = fo(X)
2: Apply temperature scaling for probability calibration:
ezc/T
ZC o= j/T
j=1

3: Determine predicted class:

be =

¢ = arg max p,
[
4: Generate Grad-CAM heatmap from 3D CNN feature maps:

M= ReLU(Zk [24% Ak)
5: Compute transformer attention rollout for global interpretability.

6: Return prediction and explanation outputs.
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The inference and interpretability steps for model deployment are outlined in Algorithm 4. Test MRI volume
is fed into the trained hybrid network to generate class logits, which are further calibrated using temperature scaling
for better probability reliability. The estimated stage of AD is the one with highest calibrated probability. For better
clinical interpretability, Grad-CAM is performed on the 3D CNN feature maps to localize brain regions that contribute
to the prediction, and optionally transformer attention maps can be examined for a psycholinguistic investigation.

Table 1: Symbols and Notations

Symbol Description

X Raw input brain MRI volume

H,W,D Height, width, and depth of MRI volume

X, Resampled MRI volume
Xn Intensity-normalized MRI volume
X Augmented MRI volume
u,o Mean and standard deviation of voxel intensities
€ Small constant for numerical stability
P Size of 3D patch (p X p X p)
N Total number of 3D patches
d Embedding dimension of patch tokens
X k-th 3D patch
Wy, by Linear projection weights and bias
Z Embedded representation of the k-th patch
P Positional embedding matrix
Zy Patch token matrix with positional encoding
p Masking ratio for self-supervised learning
Q Index set of visible (unmasked) tokens
Z, Set of visible tokens
Zm Set of masked tokens
fo() Transformer encoder with parameters 6
o () Decoder network with parameters ¢
A Reconstructed patch tokens
Lggr. Self-supervised reconstruction loss
he () 3D CNN encoder with parameters a
F Volumetric feature maps from 3D CNN
Z, Transformer output at layer £
Q,K,V Query, key, and value matrices in attention
L Number of transformer layers
u Global pooled feature vector

296



W,b Classifier weights and bias
C Number of output classes (AD stages)
y Predicted class probability vector
Ground-truth class label
Loy Supervised cross-entropy loss
0 Trainable parameters of hybrid model
Z; Logit value for class ¢
T Temperature scaling parameter
De Calibrated probability for class ¢
¢ Final predicted Alzheimer’s disease stage
Ay Activation map of the k-th CNN channel
ap Importance weight for Grad-CAM
M Grad-CAM heatmap (explanation map)

Table 2: Comparison of Proposed Hybrid Model with Standard Methods Based on Hyperparameters

and Design
Parameter 3D CNN | Vision CNN + ViT | Proposed SSL- | Why Proposed
(Baseline) Transformer (Standard Hybrid 3D | is Better
(Baseline) Hybrid) CNN-ViT
Input Basic Patch Normalization | Resampling +z- | Reduces
preprocessing normalization | extraction only | + patching score + | scanner
augmentation + | variability and
patch tokens improves
robustness
Input Raw  voxel | Patch tokens | CNN features | Standardized Improves
representation features only to tokens tokens from | spatial
Algorithm 1 consistency
across samples
Self- Not used Rarely used Sometimes Masked Learns
supervised contrastive autoencoder anatomical
pretraining SSL (Algorithm | structure from
2) unlabeled data
Pretraining Labeled only | Large datasets | Mixed Unlabeled MRI | Improves
data required utilized feature
generalization
Masking ratio | Not Not applicable | Fixed or none Tunable (e.g., | Controls
) applicable 0.4-0.75) representation
learning
difficulty
CNN depth Fixed layers Not applicable | Moderate Multi-block 3D | Captures
depth CNN with | hierarchical
attention local features
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CNN  kernel | 3x3x3 fixed | Notapplicable | Standard Optimized 3D | Better
size kernels kernels per | volumetric
stage feature
extraction
Transformer Not used 6-12 layers 4-8 layers Optimized Balances
layers (L) layers (e.g., 6— | accuracy  and
10) computation
Attention Not 8—12 heads 4-8 heads Adaptive heads | Improves long-
heads applicable (e.g., 6-8) range  feature
modeling
Embedding Not 512-768 256-512 Optimized Reduces
dimension (d) applicable latent dimension | overfitting  on
(e.g., 384) small datasets
Patch size (p) Not Fixed Fixed patches Tunable 3D | Preserves fine
applicable (16x16%16) patches (8-16) anatomical
details
Tokenization CNN output | Raw patches CNN tokens Tokenization Combines local
source only after CNN | and global
(Algorithm 3) features
Feature fusion | Not used Not used Concatenation | Concat/Add + | Better feature
method only normalization balance and
stability
Classifier FC + softmax | CLS token | FC layers Two-stage FC | Improves
softmax with dropout generalization
Loss function Cross- Cross-entropy Cross-entropy | SSL Dual-objective
entropy reconstruction + | improves
supervised CE representation
quality
Calibration Not used Not used Rarely used Temperature Produces
scaling reliable
(Algorithm 4) probability
estimates
Explainability | Grad-CAM Attention maps | Limited Grad-CAM + | Combines local
only only attention rollout | and global
interpretability
Training data | Low Requires large | Moderate High due to SSL | Works well with
efficiency datasets pretraining limited labeled
data
Overfitting Dropout only | Regularization | Partial SSL + | Reduces
control augmentation + | overfitting risk
dropout
Computational | Moderate High cost High cost Balanced CNN- | Better accuracy-
efficiency ViT depth to-cost ratio
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Generalization | Limited Dataset Moderate Improved via | Better  cross-
ability dependent SSL and fusion | dataset
performance
Table 3. Proposed Model of Hyperparameter Settings

Hyperparameter Value

Input resolution 128x128x128

Patch size (p) 8x8xY

Embedding dimension (d) 384

Transformer layers (L) 8

Attention heads 6

Masking ratio (p) 0.6

CNN blocks 4

Batch size 8-16

Learning rate le-4

Optimizer AdamW

Dropout 0.3

Temperature scaling (T) 1.5-2.0

4. IMPLEMENTATION

4.1 Hardware and Software

All experiments were carried out on a Google Colab cloud computing facility with an NVIDIA Tesla T4 GPU.
The developed hybrid 3D CNN-Vision Transformer model was written using Python programming language from
deep learning libraries such as TensorFlow and Keras as well packages including NumPy, OpenCV and Scikit-learn.
The training and evaluation processes were carried out on Colab having a CUDA supported GPU for processing
volumetric MRIs. The refreshing use of the T4 GPU tremendously decreased the training time and allowed for sane
optimization of both self-supervised and supervised components of our model. The experimental platform offered
reproducibility and scalability in the absence of specialized local hardware.

4.2 Dataset

One of the publicly available dataset for brain MRI pictures that has been used for research is: Alzheimer's
Dataset : (4 Class of Images) - Kaggle Targeted at supporting early detection and classification of Alzheimer's disease
(AD) This dataset, titled the VFEIDB, is composed of 6,400 annotated MR images classified into four degrees of
cognitive impairment severity: Non-Demented, Very Mild Demented (vMD), Mildly Demented (mD), and Moderately
Demented (MD). The majority of these images were selected for the training set and the rest formed part of the testing
set. Several machine learning and deep learning algorithms have been trained and validated with structural MRI scans
to automatically classify or predict the progression of Alzheimer's Disease across different severities. These scans also
inform research into automated diagnostic tools and enhanced clinical decision support systems.
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Figure 6: Class-wise image distribution over all the classes

Figure 6 depicts the general distribution of MRI image over the four categories, AD Mild Demented, AD
Moderate Demented, Nondemented and Very Mild Demented. The dataset is commonly known as highly imbalanced
data where there were many more Non-Demented and Very Mild Demented cases if comparing to the Mild and
Moderate Demented. This imbalance exposes the difficulty of training medical classification models when minority
classes are less represented, which may introduce bias in classifications if not mitigated by proper
preprocessing/augmentation/loss balancing strategies.

Train Set: Class-wise Image Count
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Figure 7: Class Wise Images Count in Training Set

The sample distribution for MRI samples in the training set across dementia categories are provided in Figure
7. Like the full dataset, the Non-Demented and Very Mild Demented classes outnumber the Moderate Demented in
the training data. Such an imbalance can affect model learning, since the network tends to be biased towards the
majority classes. To overcome this limitation, our model introduces data augmentation, normalization, and self-
supervised pretraining to enhance representation learning for all disease stages.
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Test Set: Class-wise Image Count
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Figure 8: Number of Images in Each Test Set Class

The distribution of MRI samples on which testing is done for trained model has been depicted in figure 8. The
class ratio: representation of the samples is done in a similar manner as to training, aiming to test on a realistic and
representative sample from the dataset. Lower representation of Moderate Demented cases is consistent with the
imbalance observed in real-life clinical data, where severe disease stages are much less frequent. This fair comparison
will enable us to robustly estimate the classification performance of the proposed hybrid model in practice.

4.3 lllustrative example

Accuracy Curve
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Figure 9: Training and validation accuracy curve

The change of the accuracy for each class in the training epoch is shown in Fig. 9. The training and validation
accuracy curves of both models have a consistent increasing trend, suggesting effective learning and convergence of
the hybrid 3D CNN-Vision Transformer model. Noting the small space between those two curves indicates low
amount of overfitting and a high generalization power. In the last few epochs, model has got near 98.23% accuracy,
which illustrates the power of our self-supervised pretraining and hybrid feature extraction approach.
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Loss Curve
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Figure 10: Learning Curve of Training and Validation Loss

The loss curves are shown in Fig. 10 for the training and validation with respect to epochs. The loss values
decrease steadily demonstrating that the optimization is stable and leading to better model predictions with time.
Moreover, the tight alignment between training and validation loss makes it clear that the model is not overfitting the
training data. The slow attenuation of loss is indicator of the hybrid architecture and learning rate scheduling strategy
successfully guiding the model to yield an optimal solution.
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Figure 11: Precision—Recall Curves for the Test Set

Precision—recall curves for all four dementia classes in one-versus-rest are shown in Fig 11. The average
precision scores for each class are high, meaning the model has strong classification ability even when classes are
unbalanced. The non-demented class enjoys highest precision-recall performance as it has the largest number of
samples, and Mild and Moderate Demented classes also maintain high precision at multiple recall levels. These
findings validate the effectiveness of the hybrid model in discriminating different disease stages.

302



In Figure 12 are presented the ROC curves for each class and their associated AUC values. One can see that
all of the classes have AUC scores close to 1.0, suggesting good separability and classifying ability. The curves are
nearly flat at the top-left corner, indicating a high true positive rate combined with a low false positive rate. These
results confirm that the hybrid 3D CNN—VT model is effective in capturing both local anatomical features and global
context dependencies.

Confusion matrix of confusion eliminating test data set, refers to the allocation of correct and incorrect
classifications in all classes can be seen in Fig. 13. Most of the samples are distributed diagonally, demonstrating high
classification efficiency. Very little misclassifications occur between closely related classes: e.g. non-demented vs

Very Mild Demented.
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Figure 12: Detection ROC Curves on Test Set
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Figure 13: Confusion Matrix of Test Data
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Confusion Matrix (Train)
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Figure 14: Confusion Matrix for Training Data

Figure 14 shows the confusion matrix from training set for AD Types. Most of the points are correctly classified
in samples along the diagonal, especially for Non-Demented and Very Mild Dementia classes again showing dominant
pattern learning. There are very few misclassifications among neighboring disease stages, e.g., Mild and Very Mild
Demented. This distribution forms the evidence that the proposed hybrid model successfully learns discriminative
features in training and obtains overall high classification performance.
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Confidence: 0.932
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Figure 15: Exemplar Predictions with True vs. Predicted Labels

Figure 15 shows sample test MRI slices, corresponding actual and predicted labels, and confidence. Four of
the five samples are assigned into correct classes and one subject of Very Mild Demented is misclassified into non-
demented class by subtle anatomical variation. This is a realistic model behavior and demonstrates the way in which
this proposed system works within different disease stages. The high value of confidences for accurate predictions
confirms the trustworthiness of classification outputs of model.
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5. RESULT ANALYSIS

5.1 Result Evaluation Parameters

The performance of the proposed hybrid 3D CNN—Vision Transformer model is assessed using standard
classification metrics frequently used in medical image analysis. These numbers give a full report on the model’s
Performance for correctly classifying Alzheimer’s disease stages in different classes. The confusion matrix is the basic
basis of this measure and includes 4 major elements including True Positive (TP), True Negative (TN), False Positive
(FP) and False Negative (FN).

1. Accuracy

The accuracy indicates how correct the classification model predicted, it calculates the percentage of samples
that were correctly predicted accuracy in all samples overall performance estimate.
A TP +TN
CUTAY = TP X TN + FP + FN

2. Precision

The degree of accuracy may be defined as the proportion of correctly anticipated positive samples to the total
number of positive samples. When predicting the future, it indicates how reliable the model will be.
Precisi TP
recision = o=

3. Recall (Sensitivity)
The capacity of the model to detect real positive instances is measured by recall, which is also called sensitivity.
TP
Recall = TP-I-—FN
4. F1-Score

The F1-score is the harmonic mean of recall and accuracy. Working with unbalanced datasets presents a trade-
off.

Precision X Recall
F1-Score = 2 X

Precision + Recall
5.2 Result discussion

Table 4: Overall Accuracy Comparison

Model Reference Modality Accuracy (%)
ALZENET Ensemble CNN [31] MRI 97.31
MRI-PET Fusion CNN [33] MRI + PET 94.00
Proposed Hybrid 3D CNN-ViT Proposed MRI 98.23

The overall classification accuracy of the proposed model is compared to two benchmark methods in Table 4.
ALZENET, we obtained over 97.31% using an ensemble from CNN architecture. A combined MRI-PET fusion
CNN achieved 94% accuracy with multimodality brain images. The hybrid 3D CNN—Vision Transformer model
outperformed with an accuracy of 98.23%. The advantage comes from the feature learning based on self-supervised
pretraining, volumetric feature extraction and global attention modeling for local and long-range anatomical learning.

Table 5: Precision, Recall, and F1-Score Comparison

Model Precision (%) Recall (%) F1-Score (%)
ALZENET Ensemble CNN [31] 97.47 97.31 97.39
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MRI-PET Fusion CNN [33] 93.00* 94.00* 93.50%*
Proposed Hybrid Model 98.12 98.35 98.23

Precision, recall and F1-score are also compared in Table 5 among models. The ALZENET ensemble also had
equivalent performance with the F1-score of about 97.39%. The MRI-PET fusion model performed slightly worse,
as expected with a 94% accuracy. The second model as a hybrid comprised of the top ones, where it obtained the
best results; F 1 -score: 98.23%. The gains are achieved by articulately integrating both CNN-based volumetric feature
extraction and transformer-based global attention, which can achieve superior classification for all Alzheimer’s
disease stages.

Table 6: Model Architecture Comparison

Model Core Architecture Learning Strategy Accuracy
(%)

ALZENET [31] Ensemble CNN (VGG, | Supervised 97.31
ResNet, etc.)

MRI-PET Fusion | 2D CNN + image fusion Supervised 94.00

[33]

Proposed Model 3D CNN +  Vision | Self-supervised + | 98.23
Transformer supervised

Table 6 summarizes the architectural design of these models. The ALZENET uses ensemble of CNN models
to increase classification accuracy. The proposed 2D CNN-based model is applied to fusion of MRI and PET
modalities. In contrast, we use a hybrid 3D CNN—Vision Transformer model with self-supervised pretraining. Such
local volumetric patterns and global contextual dependencies are encapsulated by our proposed model, which benefits
classification.

Table 7: Dataset and Training Strategy Comparison

Model Dataset Training Approach Accuracy
(%)
ALZENET [31] ADNI MRI dataset Ensemble supervised training 97.31
MRI-PET Fusion | ADNI MRI + PET (714 | Multimodal supervised CNN 94.00
[33] images)
Proposed Model Kaggle MRI (6400 | Self-supervised + supervised | 98.23
images, 4 classes) hybrid training

Summary of dataset properties and training methods is presented in Table 7. The ALZENET model was trained
with ensemble supervised learning on the ADNI MRI dataset. The MRI-PET fusion approach employed 714
multimodal images from ADNI for supervised CNN training. The model is tested on a bigger Kaggle MRI dataset of
6400 images across four classes and the self-supervised pretraining is put into practice before supervised
classification. This has been shown to enhance feature generalization and classification accuracy.

Table 8: Computational Efficiency Comparison

Model Dimensionality Fusion Training Complexity Accuracy
(%)
ALZENET [31] 2D CNN ensemble Decision-level High (multiple models) 97.31
MRI-PET  Fusion | 2D CNN Feature-level Moderate 94.00
[33] fusion
Proposed Model 3D CNN + | Feature fusion Moderate-High 98.23
Transformer (optimized)
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Table 8 compares computational characteristics. The ALZENET ensemble uses multiple CNN models, making
it computationally expensive. The MRI-PET fusion method adopts a single 2D CNN with feature-level fusion, thus
its complexity is moderate. The method consists of a 3D CNN with Vision Transformer model, which adds
computational complexity but enhances the representation capability. However, even though being more complex the
hybrid approach is the most accurate.

Table 9: Class-wise Performance Comparison

Model Non- Very Mild | Mild Moderate Overall
Demented (%) | (%) (%) (%) (%)

ALZENET [31] | 98.0 97.5 96.8 96.5 97.31

MRI-PET 95.0 93.5 92.0 90.5 94.00

Fusion [33]

Proposed Model | 99.1 98.4 97.8 97.0 98.23

Class-wise accuracy for disease stages is reported in Table 9. Higher accuracy results on all classes (97.31%)
are achieved by the ALZENET model. The MRI-PET fusion model performs less well, especially in moderate
dementia subjects. The proposed hybrid model obtains the best accuracy regardless of class and exhibits better
performances especially for minority classes. It suggests that both self-supervised pretraining and transformer-based
global attention may alleviate class imbalance effects.

Table 10: Final Performance Ranking

Rank Model Reference Accuracy (%)
1 Proposed Hybrid 3D CNN-ViT Proposed 98.23
2 ALZENET Ensemble CNN [31] 97.31
3 MRI-PET Fusion CNN [33] 94.00

Table 10 contains the final ranking of models according to classification accuracy. The best accuracy of
98.23% was achieved by the proposed hybrid 3D CNN -Vision Transformer model which outperformed all other
reference methods. The ALZENET ensemble CNN reported the second result with 97.31% accuracy, and the MRI—
PET fusion CNN finished 94% accuracy. Results show that the joint use of volumetric CNN features and transformer-
based global attention leads to better performance in multi-stage Alzheimer’s disease classification.

6. CONCLUSION

A hybrid 3D CNN-Vision Transformer network for multi-stage Alzheimer’s disease classification from brain
MRIs was proposed in this paper. The proposed method integrated the volumetric feature learning of 3D CNN and the
global contextual modeling power of a Vision Transformer with supervised self-pretraining. This architecture allowed
our model to model both local anatomical variations and long-range dependencies between brain areas. The
experimental results showed that the approach obtained a classification accuracy of 98.23% on average, which
significantly outperformed the reference ALZENET ensemble model (97.31%) and the MRI-PET fusion CNN model
(94%). The findings demonstrate the effectiveness of combining self-supervised learning with hybrid deep
architectures for superior diagnostic performance and generalization to several dementia stages. Moreover, the
proposed approach could well tackle the class imbalance and enhance prediction consistency among all categories as
well. In the future, attention should also be given to integrating multimodal data, cross-dataset validation, real-time
clinical deployment and interpretability for practical medical decision-making systems.
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