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Abstract

Computer-aided diagnosis (CAD) systems based on deep learning have shown significant
potential for Alzheimer’s disease (AD) stage classification from Magnetic Resonance Imag-
ing (MRI). Nevertheless, challenges such as class imbalance, small sample sizes, and the
presence of multiple slices per subject may lead to biased evaluation and statistically unre-
liable performance, particularly for minority classes. In this study, a Vision Transformer
(ViT)-based framework is proposed for multi-class AD classification using a Kaggle dataset
containing 6400 MRI slices across four cognitive stages. A subject-wise data-splitting strat-
egy is employed to prevent information leakage between the training and testing sets, and
the statistical unreliability of near-perfect scores in underrepresented classes is critically
examined. An ablation study is conducted to assess the contribution of key architectural
components, demonstrating the effectiveness of self-attention and patch embedding in
capturing discriminative features. Furthermore, attention-based visualization maps are
incorporated to highlight brain regions influencing the model’s decisions and to illustrate
subtle anatomical differences between MildDemented and VeryMildDemented cases. The
proposed approach achieves a test accuracy of 97.98%, outperforming existing methods on
the same dataset while providing improved interpretability. It supports early and accurate
AD stage identification.
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1. Introduction
Alzheimer’s disease (AD) is a brain disorder that causes atrophy of brain neurons,

leading to cognitive impairment and dementia because it also affects memory cells. Nowa-
days, AD has become a worldwide cause of neurological decline that affects millions of
elderly populations [1]. Recent estimations show that 416 million people in the world have
cognitive impairment due to AD, and about 50 million of them are officially in the stage
of AD. These statistics account for 22% of the total number of elderly people across the
world [2]. AD has a progressive nature that causes more changes in the brain structure
over time, and until now, there is no definitive cure for the disease. Consequently, early
detection and accurate diagnosis are fundamental to understanding its stages in order to
define pre-treatments for patients to slow its progression [3].

AD diagnosis primarily involves medical imaging scans obtained with various tech-
niques like Magnetic Resonance Imaging (MRI), Diffusion Tensor Imaging (DTI), and
positron emission tomography (PET), along with blood tests and psychological exams. The
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MRI method has been considered the most indicative assessment that shows changes in AD
biomarkers like the hippocampus, cortical thickness, and ventricle enlargement, causing
cognitive decline [4,5].

MRI technique provides high-quality images that help to identify neurological status
in a safe manner because it is a non-invasive technique that does not use radiation. Initial
machine learning studies on the detection of AD brain images adopted Support Vector
Machines (SVMs) for classification and feature extraction to differentiate its different
stages [6,7]. However, SVMs are not suitable for large datasets because they require a
long training time, they are sensitive to noise, and a small number of mislabeled inputs
can dramatically decrease their performance. Conventional classification methods like
Naive Bayes [8], Decision Trees [9], and Random Forests [10] are also not suitable for the
classification of medical images because they extract features manually, and hence, they
give reduced accuracy in the characterization of complex, high-dimensional brain patterns.
Along with SVMs, these techniques are suitable for structured data, while deep learning
models are used for unstructured data. Consequently, they are susceptible to overfitting [11].
Convolutional Neural Networks (CNNs) appear to surpass these limitations. They have
revolutionized medical imaging by increasing the detection performance and speeding
up the learning process because they adopt automated feature extraction. They enhance
early detection, prognosis, and neurological disorder monitoring where complex patterns
are present [12]. Deep learning algorithms have progressed significantly in biomedical
engineering, especially for medical image recognition, in accuracy and in the rate of
processed tasks, including diagnosis, pre-processing, or early detection of anomalies.
Current advances in deep learning have significantly improved training performance
involving transfer learning and self-attention mechanisms. Transfer learning enhances the
reliability to focus on classification tasks thanks to the fine-tuning of pretrained models
on large datasets, and self-attention mechanisms lead models to address the main regions
in the image that influence making the final classification decision. Combining these two
approaches has enabled researchers to improve the accuracy in classification tasks like
AD diagnosis.

Using global self-attention to detect long-range dependencies in images, Vision Trans-
formers (ViTs) have become a potent substitute for CNNs in medical imaging. Their
effectiveness across modalities is revealed by a thorough analysis of current applications.
Hybrid ViT-CNN models reported up to 98% accuracy for COVID-19 detection in chest
X-rays, outperforming pure CNNs on noisy data [13]. Swin Transformers achieved high
sensitivity (up to 85% top-2 accuracy) via hierarchical feature extraction in retinal fundus
images for diabetic retinopathy [14]. ViTs have demonstrated promise in AD-specific con-
texts; for example, lightweight ViT models classified AD stages with 98.57% accuracy on
OASIS-3 datasets, while patch-based ViTs detected MCI conversion with 0.987 AUC [15].

However, the majority of ViTs rely on heavy pretraining like ImageNet-21k and ensem-
ble strategies, resulting in high computational demands unsuitable for clinical settings with
limited resources. These studies illustrate the shortcomings of lightweight, independent
architectures for multi-stage AD classification using common Kaggle MRI datasets, but
they also reveal ViTs’ improved accuracy over CNNs [16].

In this research, Vision Transformers (ViTs) are used to detect large-scale dependencies
in input scans thanks to the combination of the pretrained ViT and the included self-
attention mechanisms. This allows the model to identify patterns of the input images
perfectly by working on the image patches, which enhances model performance to an
outstanding metric [17].

In this work, we introduce a standalone architecture for a Vision Transformer for
the classification of four stages of AD: MildDemented (MD), ModerateDemented (MoD),
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NonDemented (ND), and VeryMildDemented (VMD). The dataset was obtained from
Kaggle, and it contains MRI images of human brains with and without AD biomarkers.
The methodology adopted in this work is detailed as follows:

• A new configured ViT architecture is proposed for the classification of four stages of
AD using MRI scans, achieving less computational complexity and increased accuracy.

• Adopted proper data augmentation functions and accurate pre-processing steps of
input data to give the model a higher level of efficiency in training and testing.

• Multiple performance metrics are used to evaluate the model, and a comparison
between this ViT architecture and other state-of-the-art works was developed to
explore its benefits and limitations over other architectures.

• This configuration of ViT achieves outstanding performance, and it allows early-stage
detection of AD anomalies before cognitive decline appears, using only MRI brain
scans. This model gives promising results that improve clinical integration.

• The issue of class imbalance among the four AD stages is explicitly addressed through
a stratified training strategy and performance analysis, with particular attention to
the statistical reliability of minority classes.

• The challenge of differentiating visually similar stages, especially MildDemented (MD)
and VeryMildDemented (VMD), is investigated using attention-based visualization
maps and an ablation study to justify the model’s ability to focus on discriminative
brain regions and subtle structural differences.

2. Related Works
Various approaches have been proposed to classify AD into several stages using MRI

brain images. Some of them have explored the effectiveness of ViTs regarding CNNs in
terms of performance metrics and complexity [18–21].

Using MRI data, Carcagni et al. [22] looked into enhanced automatic Alzheimer’s
disease detection. They used a typical computer-aided diagnosis process that included slice
extraction, categorization, and picture registration. For the first time, to their knowledge,
they evaluated two transformer-based models (MAE and DeiT) and three sophisticated
Convolutional Neural Network designs (ResNet, DenseNet, and EfficientNet) for clinical
diagnosis prediction. The publicly accessible ADNI and OASIS datasets were used for all
tests, and different benchmarking conditions were created by altering the number of slices
per individual that were obtained from 3D MRI volumes. The findings demonstrated that
even when noise increased by using additional slices, the transformer models, particularly
DeiT, achieved the greatest and most reliable performance.

Mehmood et al. [23] proposed a new optimizer configuration integrated with ViT
for the detection of AD using two different Alzheimer’s Disease Neuroimaging Initiative
(ADNI) datasets (ADNI-1 and ADNI-2). The adopted optimizer decreased the loss dra-
matically and enhanced the convergence stability of the whole ViT model by 0.8–2.1%
regarding state-of-the-art architectures, achieving 99.84% accuracy on Dataset-1 and 95.75%
on Dataset-2.

Lu et al. [24] introduced a new computer-aided diagnosis (CAD) system that integrates
ViT using self-attention mechanisms to enhance early detection of AD. The system was
named RanCom-ViT, and it tested multiple MRI datasets to prove its efficiency. The system
adopted a new configured token compression module and a classification head with a
random-vector functional-link structure to ameliorate performance. Overall accuracy across
all the tested datasets was 99.54%.

Huang and Li [25] proposed a Resizer Swin Transformer (RST), a ViT-based model
that proves its efficiency in training natural datasets without pre-processing or with a few
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pre-processing functions, and it achieved good results with 99.59% average accuracy on
the ADNI dataset and 94.01% average accuracy on the AIBL dataset.

Shin et al. [26] trained ViT on an 18F-Florbetaben positron emission tomography (PET)
dataset. Accuracies are 68.93% and 64.29% using original data for binary classification and
multi-classification, respectively, and 76.89% and 77.78% using augmented data for binary
classification and multi-classification, respectively.

Bortty et al. [27] integrated ViT-B16 with three Convolutional Neural Networks
(CNNs), VGG19, ResNet152V2, and EfficientNetV2B3, into an ensemble learning model,
and trained it on the OASIS MRI dataset to differentiate AD images from normal control
images. The combination was achieved using a weighted average approach using the
Grasshopper optimization algorithm, and the best accuracy was 97.31%.

Khatri and Kwon [28] differentiated mild cognitive impairment (MCI) from AD us-
ing ViT and self-supervised learning (SSL) on a fluorodeoxyglucose positron emission
tomography (18F-FDG-PET) dataset. The best obtained accuracy was 92.31%.

Odusami et al. [29] adopted data fusion of MRI and PET images using a discrete
wavelet transform (DWT) to analyze the data and a pretrained VGG16 to optimize the
combination. Next, the inverse discrete wavelet transform (IDWT) was used to reconstruct
the final images to be trained via ViT. The testing dataset was extracted from ADNI, and
the best accuracy was 93.75% for AD vs. Early MCI (EMCI) using PET scans.

Joy et al. [30] classified five stages of AD: Cognitively Normal (CN), EMCI, Late MCI
(LMCI), MCI, and AD, using the ViT architecture of Google with some modifications.
1296 images are acquired from ADNI, pre-processed, augmented, and trained using ViT,
achieving a remarkable accuracy of 99.98%.

Shaffi et al. [31] introduced the combination of multiple ViTs into one model to detect
AD using ADNI and OASIS datasets. In this work, we proposed an ensemble of ViT
architectures for the task of AD classification. The ensemble ViTs showed a 2% advance
over single ViT models. The highest accuracy was 99.29%.

3D brain volumes are also explored in training, validation, and testing for AD clas-
sification using ViT [32]. Kunanbayev et al. [33] studied the feasibility of ViT on a small
dataset of 3D brain volumes after pre-processing and data augmentation. Promising results
are shown.

Jomeiri et al. [34] proposed a new approach called the Regional Attention-Enhanced
Vision Transformer (RAE-ViT) trained on structural MRI (sMRI) images obtained from the
ADNI database. RAE-ViT takes advantage of self-attention mechanisms, focusing on the
AD biomarker regions along with new integrated multi-scale feature extraction options to
enhance the influence of generic structural patterns. The best accuracy was 94.2%.

Yan et al. [35] demonstrated that the Hybrid-RViT architecture, combining ResNet-50
and ViT, outperforms many models on the detection of AD with high performance. MRI
images are fed to the ResNet-50 model for feature extraction; the extracted features are
transmitted to ViT in the form of patches to complete the classification process. The model
gives accuracies of 97% and 95% for training and testing, respectively.

Huang and Qiu [36] proposed a new strategy using Monte Carlo sampling and a
single ViT learner on the ADNI and OASIS datasets of MRI scans. It adopts 3D inter-feature
correlations to enhance performance. The approach called Monte Carlo Ensemble Vision
Transformer (MC-ViT), achieved an accuracy of 90%.

Odusami et al. [37] adopted data fusion from ADNI, OASIS, and Whole Brain Atlas
(AANLIB) using a Pareto-optimal cosine color map to classify AD into four stages using
ViT. The best testing accuracy was 99.25% for the binary class AD/CN.
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3. Methodology
The proposed methodology includes a flowchart describing the classification pro-

cess from data acquisition to evaluation metrics. The pipeline uses the Kaggle dataset
for AD MRI scans of four classes for the early detection and classification of AD with
outstanding performance.

Figure 1 shows the principal tasks of our strategy. The approach involves the integra-
tion of a fine-tuned ViT trained on MRI images for AD patients to enhance early detection,
evaluation using performance metrics and comparison with state-of-the-art works using
popular machine learning algorithms like CNNs, Support Vector Machines (SVMs), or
transfer learning. MRI images are pre-processed and augmented using appropriate data
augmentation methods before passing to training, with the goal of enhancing the accuracy
of the ViT model.

 

Figure 1. The proposed pipeline.

3.1. Dataset Description and Pre-Processing

In this experiment, the AD MRI dataset from Kaggle was used [38]. The 6400 pre-
processed MRI scans are divided into four categories: ND, MD, MoD, and VMD. From
200 patients, 32 horizontal brain slices are obtained. Before normalization, all scans were
resized to 128 × 128 pixels from their original dimension of 176 × 208 pixels. Eighty percent
of the original dataset was used for training, and twenty percent was set aside for the test
set. Validation uses 25% of the training set. The dataset distribution is shown in Table 1,
and example brain MRI pictures for each group are shown in Figure 2.

Table 1. Dataset distribution.

Classes No. of Images Percentage (Approx.) Patients

NonDemented 3200 50% 100
VeryMildDemented 2240 35% 70

MildDemented 896 14% 28
ModerateDemented 64 1% 2

Total number 6400 100% 200

Figure 2. The Alzheimer’s MRI dataset’s classes: There are four types of dementia: (a) mild,
(b) moderate, (c) non-demented, and (d) very mild.
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Because the Kaggle MRI dataset is publicly available and contains a large number of
records within a relatively small size (approximately 36 MB), it was selected over alternative
sources. Moreover, its limited size allows the proposed contribution to be evaluated in
isolation, particularly with respect to handling data imbalance and robustness against
overfitting. Although the dataset is inherently imbalanced—especially for the MD and
MoD classes, which together account for only about 15% of the total samples—it provides
a suitable testbed for assessing these challenges.

A Keras Sequential pipeline is used for data pre-processing and augmentation for the
Kaggle Alzheimer’s MRI dataset to guarantee ViT compatibility and correct class imbalance
across four phases of AD. Hippocampus/cortical biomarkers are preserved by scaling to
128 × 128 pixels after normalization, which standardizes pixel values (zero mean, unit vari-
ance). To imitate clinical variances without anatomical distortion, augmentation comprises
symmetric zoom (±20%), limited rotation (±1.15 max via factor = 0.02), and horizontal flip
(50% chance, exploiting brain symmetry). This method successfully oversamples minority
classes (ModerateDemented, VeryMildDemented).

3.2. Model Architecture and Vision Transformer Setup
3.2.1. Vision Transformer (ViT) Mathematical Formulation

The proposed model is based on a Vision Transformer (ViT) architecture adapted for
images of size 128 × 128 × 3. The image is, firstly, divided into non-overlapping patches of
size P = 6, resulting in

N =

(
H
P

)2
= 441 patches (1)

where each flattened patch xp ∈ R108. A linear projection layer embeds each patch into a
D = 64 dimensional latent space using

z(0)p = xpE + bE, (2)

where E ∈ R108×64 is the learnable embedding matrix. A learnable class token z(0)CLS is
prepended to the sequence, and learnable positional embeddings Epos ∈ R442×64 are added
to incorporate spatial information.

The resulting sequence Z(0) ∈ R442×64 is processed by L = 8 transformer encoder
layers. Each layer consists of a layer normalization step followed by multi-head self-
attention (MHSA). For each head h, the queries, keys, and values are computed as

Qh = Znorm Wh
Q, Kh = Znorm Wh

K, Vh = Znorm Wh
V , (3)

with dh = D/H = 16. Scaled dot-product attention was applied through

Attention (Qh, Kh, Vh) = softmax

(
QhK⊤

h√
dh

)
Vh (4)

The outputs of all heads are concatenated and projected using WO, followed by a
residual connection. A second layer normalization is then applied and passed through a
two-layer feed-forward network (MLP) with an expansion factor of 2:

MLP(x) = GELU(xW1 + b1)W2 + b2. (5)
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Another residual connection produces the final output of each transformer layer. After
the last encoder layer, the class token representation z(L)

CLS is extracted and normalized. A
three-layer classification head is applied:

h1 = GELU(znormWh1 + bh1), h2 = GELU(h1Wh2 + bh2), y = h2Wout + bout, (6)

where the final output y ∈ RK (with K = 4 classes) is passed through a softmax function to
obtain class probabilities.

The network contains a total of 2, 534, 980 trainable parameters, distributed across the
patch-embedding layer, positional embeddings, transformer encoder stack, and classifica-
tion head. The model is trained using a cross-entropy loss:

L = − 1
B ∑B

i=1 ∑K
c=1 yi,clogp(c | Xi) (7)

and optimized with AdamW:

θt+1 = θt − η

(
m̂t√

v̂t + ϵ
+ λθt

)
(8)

3.2.2. Proposed ViT Model Description

Like Transformers handle text, the Vision Transformer (ViT) architecture (Figure 3)
used for Alzheimer’s disease classification from MRI images employs a sequence-to-
sequence transformation technique that considers images as sequences of patches. The
design begins with a 128 × 128 × 3 input MRI scan that undergoes several pre-processing
stages, including normalization, scaling, and data augmentation (random flips, rotations,
and zooms) to boost the model requirement.

Figure 3. Illustration of the proposed ViT architecture. The symbol * denotes the learnable class token,
which is prepended to the sequence of patch embeddings and whose output representation is used
for final classification through the MLP head.
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Inspired by the [CLS] token in BERT for natural language processing, the Vision
Transformer architecture adds a learnable class token to the patch-embedding sequence [39].
In particular, a single learnable embedding vector of identical dimension 64 is concatenated
at the start of the patch sequence after the input image is divided into fixed-size patches
(6 × 6 pixels, yielding 441 patches) and projected into 64-dimensional embeddings through
linear transformation (Figure 4). Position embeddings are then added to this combined
representation of 442 tokens (1 class token + 441 patch tokens) in order to maintain spatial
information [40].

 

Figure 4. Proposed ViT architecture: Input processing.

This class token engages in bidirectional interactions with all patch tokens through-
out the self-attention levels of the transformer encoder, allowing it to accumulate global
contextual information from the entire image. Only this class token, now enhanced with
extensive image-level features, is finally extracted after processing through the multi-layer
transformer blocks and sent through the multi-layer perceptron classification head, where
it is mapped to the four Alzheimer’s disease severity categories. This eliminates the need
for extra pooling operations while preserving architectural elegance and efficacy.

The patch extraction mechanism is the main innovation. Since 128/6 = 21.33 is rounded
to 441 patches when squared, the input image is segmented into 441 non-overlapping
6 × 6 patches, each with 108 pixels (6 × 6 × 3 color channels). A trainable projection layer
is used to linearly project these patches into 64-dimensional embeddings. A 442 × 64 tensor
(441 patches + 1 class token) is produced by appending a unique learnable “[class]” token
to this sequence and adding position embeddings to preserve spatial information.

Each of the eight identical layers that make up the transformer encoder has two
primary subcomponents (Figure 5). First, the model can learn associations between various
patches thanks to multi-head self-attention with four heads. Each attention head uses
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query, key, and value projections to calculate scaled dot-product attention. Dropout for
regularization comes after the attention mechanism. Second, the 64-dimensional features
are expanded to 128 dimensions and then back to 64 using a two-layer MLP with GELU
activation, with dropout added after each layer. A stable training environment is produced
by using residual connections and wrapping both subcomponents in layer normalization.

 

Figure 5. Proposed ViT architecture: Encoder.

The patch construction generates [batch,108,441] representations that are linearly pro-
jected to [batch,64,441] embeddings, starting with [batch,3,128,128] input tensors. The
sequence becomes [batch,64,442] when the class token and position embeddings are added.
This dimensionality is maintained across all 8 transformer blocks using residual connec-
tions. While MLP expansions momentarily raise dimensionality to [batch,128,442] before
returning to [batch,64,442], multi-head attention works on [batch,64,442] tensors within
each block. The class token at position 0 is extracted as [batch,1,64] for classification. It is
then gradually converted through MLP layers to [batch,1,2048], [batch,1,1024], and [batch,
4] probability outputs. Through the sequence structure, this dimensional progression
maintains spatial linkages while facilitating hierarchical feature learning.

The class token embedding, now enhanced with global picture context, is retrieved
and sent to a specific classification head following processing through all transformer
levels. This comprises a multi-layer perceptron with dimensions 64 to 2048 to 1024 to 4
after layer normalization. The last layer creates probability distributions for each of the
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four Alzheimer’s severity classes: MildDemented, VeryMildDemented, NonDemented,
and ModerateDemented using SoftMax activation.

Position embeddings account for 28,288 parameters (442 × 64), whereas the patch-
embedding layer adds 6976 parameters (108× 64 + bias). There are roughly 112,288 parameters
in each transformer block, 98,432 in QKV projections, 32,832 in output projections, and
65,664 in each MLP layer, for a total of about 898,304 parameters spread over eight blocks.
At about 2,238,208 parameters, the classification head predominates, mostly from the
2048 × 1024 dense layer (2,098,176 parameters). The total comes to about 3.2 million
parameters with additional layer normalization parameters (128 in the head and 2048 across
transformer blocks) (Figure 6). The architecture’s focus on categorization capability while
preserving effective patch processing is seen in this distribution.

The 128 × 128 input resolution balances detail retention with computational effi-
ciency, while the 6 × 6 patch size creates 441 patches that provide sufficient granularity
for medical image analysis. The 64-dimensional embedding space and 4 attention heads
enable effective feature representation and relationship learning. With 8 transformer layers
providing adequate depth for complex pattern recognition, the [64,128] MLP dimensions
in each block and [1024,2048] dimensions in the classification head create hierarchical
feature abstraction. Trained over 1000 epochs with a batch size of 16, the architecture
employs AdamW optimization with a 0.0001 learning rate for stable convergence (Table 2).
These carefully selected hyperparameters, particularly the transformer depth and attention
mechanisms, enable the model to capture both local features within patches and global
contextual relationships between them, making it particularly suitable for medical im-
age analysis, where subtle patterns across different image regions contribute to accurate
Alzheimer’s severity classification.

Table 2. Key configuration parameters of the ViT system.

Parameter Category Parameter Name Value Purpose/Impact

Input Configuration Image Size 128 × 128 pixels Resolution balance
Channels 3 (RGB) Color information
Patch Size 6 × 6 pixels Granularity control

Number of Patches 441 Sequence length
Embedding Configuration Embedding Dimension 64 Feature representation

Projection Input 108 (6 × 6 × 3) Patch elements
Position Embeddings 442 × 64 Spatial information

Class Token 1 × 64 Classification token
Transformer Architecture Number of Layers 8 Model depth

Number of Heads 4 Attention capacity
Head Dimension 16 (64/4) Per-head features

MLP Size in Block [64,128] Feature expansion
Dropout Rate Applied Regularization

Activation Function GELU Non-linearity
Classification Head MLP Layer 1 2048 units High-level features

MLP Layer 2 1024 units Feature refinement
Output Units 4 Class count

Activation Softmax Probability distribution
Training Configuration Batch Size 16 Training efficiency

Learning Rate 0.0001 Optimization speed
Weight Decay 0.0001 Regularization

Epochs 1000 Training duration
Optimizer AdamW Gradient optimization

https://doi.org/10.3390/info17020163
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Table 2. Cont.

Parameter Category Parameter Name Value Purpose/Impact

Dataset Configuration Training Samples 5132 80% of total
Testing Samples 1284 20% of total
Total Samples 6416 Complete dataset

Classes 4 Severity levels

 

Figure 6. Proposed ViT architecture: Classification head.

3.3. Evaluation Metrics

We assessed the model using F1-score, Accuracy, Precision, and Recall measures.
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• Accuracy: Calculates the percentage of accurate predictions to assess the model’s
overall performance.

Accuracy =
TP + TN

TP + TN + FP + FN

• Precision: Indicates the frequency with which the model accurately detects affirmative
cases. This is computed as the percentage of genuinely positive forecasts among all
the positive predictions made by the model.

Precision =
TP

TP + FP

• Recall (Sensitivity): Indicates how well the model detects every genuine positive
instance. This is determined by dividing the total number of potentially overlooked
positive cases by the percentage of real positive cases that the model correctly detects.

Recall =
TP

TP + FN

• F1-Score: Provides a fair assessment of the model’s performance by combining preci-
sion and recall into a single score. It takes into account how well the model detects
real positives and prevents false positives.

F1 − Score = 2 × Precision × Recall
Precision + Recall

TP stands for true positives, TN for true negatives, FP for false positives, and FN for
false negatives.

4. Results and Discussion
4.1. Experimental Setup

TensorFlow 2.15.0 running in Python 3.12 and the Keras API were used to implement
the simulation tests of the ViT model. The simulation environment was Google Colab Pro,
which was set up with an NVIDIA GPU T4 accelerator with 150 GB of GPU memory and
51 GB of system RAM. Ubuntu 20.04 (x64) was the operating system used by Google Colab
Pro. The model was trained for 1000 epochs because convergence analysis showed that
both training and validation losses stabilized and no further performance improvement
was observed beyond this point, ensuring reliable learning without overfitting.

4.2. Results

A multi-class dementia classification dataset comprising four categories (NonDe-
mented, VeryMildDemented, MildDemented, and ModerateDemented) was used to assess
the suggested Vision Transformer (ViT) model. Strong learning stability and excellent
classification performance are shown by the model in every class.

Figure 7 illustrates how the validation loss stabilizes at 0.12 after almost 600 epochs,
indicating successful learning without appreciable overfitting, while the training loss
gradually drops from the starting value, converging towards about 0.10. The accuracy
curves for training and validation also steadily increase, approaching 98%. The trans-
former architecture’s ability to generalize on this dataset is confirmed by the two curves’
smooth progression.

Excellent predictive capacity is demonstrated by the final evaluation on the held-
out test set, which produces a test loss of 0.06 and a test accuracy of 97.98%. Table 3
provides a summary of the specific classification metrics. With F1-scores ranging from
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0.97 to 1.00, performance is consistently strong across classes. The resilience of the learnt
feature representations is demonstrated by the ModerateDemented class, which is classified
with excellent precision, recall, and F1-score despite having a relatively small sample size
(7 images).

Figure 7. Training and validation curves.

Table 3. Classification report.

Class Precision Recall F1-Score Support

MildDemented 0.95 0.98 0.97 183
VeryMildDemented 0.98 0.98 0.98 486

NonDemented 0.99 0.98 0.98 608
ModerateDemented 1.00 1.00 1.00 7

Accuracy — — 0.98 1284
Macro Avg 0.98 0.99 0.98 1284

Weighted Avg 0.98 0.98 0.98 1284

There are a few misclassifications, according to the confusion matrix (Figure 8). The
classes with the greatest sample sizes and the highest prediction accuracy (593/608 and
478/486 correct predictions, respectively) are NonDemented and VeryMildDemented. Due
to their comparable visual patterns on MRI scans, MildDemented and VeryMildDemented
are typically misclassified. These mistakes, however, are small and have little impact on
overall performance. Crucially, the ModerateDemented class is not misclassified.

The suggested ViT model performs well in spite of the dataset’s clear class imbalance,
especially for the ModerateDemented class, which only has 64 images. This is explained
by the Transformer architecture’s self-attention mechanism, which prioritizes globally
relevant features over local patterns. Stable convergence without bias towards majority
classes was further facilitated by efficient data pre-processing and implicit regularization
through extensive training. The model successfully learnt discriminative representations
even from a few samples, as evidenced by the perfect precision and recall attained for
the ModerateDemented category, underscoring its applicability to imbalanced medical
imaging datasets.
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Figure 8. Confusion matrix of the four-class dementia classification.

The ViT model outperforms several conventional CNN-based baselines documented
in related research, exhibiting strong discriminative ability in identifying minute variations
in dementia severity levels. When it comes to identifying global spatial dependencies in
MRI images, the attention mechanism seems to be very successful. High precision across
all classes and consistently low training and validation loss indicate that the model resists
overfitting even with prolonged training. The model’s exceptional performance on minority
classes demonstrates its capacity to generalize even with small sample sizes, which is an
advantage for applications involving medical imaging.

4.3. Ablation Study

The impact of important training and architectural elements on the performance of the
suggested Vision Transformer (ViT) model, for Alzheimer’s disease stage categorization,
is methodically examined in the ablation study in Table 4. First, a test accuracy of 97.59%
with a loss of 0.18 is obtained by eliminating data augmentation (no DA). The increase
in loss relative to the suggested model (0.06) leads to worse generalization and a greater
susceptibility to overfitting, even though the accuracy is still excellent. This demonstrates
that by exposing the model to a greater variety of anatomical changes and imaging settings,
data augmentation plays a critical role in improving robustness. Second, performance dras-
tically deteriorates when the learning rate is increased to 0.001 without data augmentation,
with accuracy falling to 50.62% and loss increasing to 1.04. This shows that, especially for
transformer-based architectures that depend on fine-grained weight updates, an overly
high learning rate leads to unstable optimization and impedes proper convergence. Third,
accuracy is marginally increased to 98.05% with a decreased loss of 0.11 when a batch
size of 64 (no DA) is used. This implies that while bigger batch sizes yield more stable
gradient estimates, the lack of augmentation still restricts generalization, as evidenced by
the increased loss in comparison to the suggested setup. Fourth, an accuracy of 97.59%
and a loss of 0.12 are obtained when the number of transformer layers is reduced to four.
The higher loss suggests that a shallower architecture would not adequately capture the
intricate long-range dependencies found in brain MRI scans, even while performance is
still competitive. Fifth, a larger loss of 0.19 and a minor performance decline to 96.88%
accuracy occur when the depth is increased to twelve transformer layers. This implies
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that, given the small size of the dataset, excessively deep transformer stacks may create
redundancy and overfitting. With the lowest loss (0.06) and highest accuracy (97.98%),
the suggested model with data augmentation ultimately achieves the optimal trade-off.
This demonstrates that an ideal configuration that maximizes convergence stability and
generalization for multi-stage AD classification is formed by the chosen learning rate, batch
size, transformer depth, and augmentation approach.

Table 4. Ablation study.

Ablation Mechanism Test Loss Results Test Accuracy Results

Without Data Augmentation (no DA) 0.18 97.59%
Learning rate = 0.001 (no DA) 1.04 50.62%

Batch size = 64 (no DA) 0.11 98.05%
Transformer layers = 4 (no DA) 0.12 97.59%

Transformer layers = 12 (no DA) 0.19 96.88%
Proposed model (with DA) 0.06 97.98%

4.4. Attention Maps

The attention maps were created to make the Vision Transformer model easier to under-
stand and to identify the parts of the brain that had the biggest impact on its classification
choices, especially when it came to the difficult distinction between the MildDemented
(MD) and VeryMildDemented (VMD) stages (Figure 9). The self-attention mechanism
continuously concentrates on anatomically significant locations linked to the development
of Alzheimer’s disease, such as the hippocampus, temporal lobes, ventricular system, and
cortical regions, according to the visualizations from intermediary transformer layers. The
hippocampal formation and medial temporal regions, which are known to experience
significant shrinkage as memory impairment becomes clinically apparent, show highly
concentrated responses in attention heatmaps for MD subjects. Enlarged ventricles are also
associated with increased attention, which is indicative of a loss of brain tissue throughout
the entire brain.

VMD samples, on the other hand, exhibit more diffuse and geographically distributed
attention patterns, with early-thinning regions and moderate activation over cortical sur-
faces, suggesting more modest structural changes prior to catastrophic neuronal loss.

This difference is further demonstrated by the average attention comparison, where
VMD cases exhibit lower but more widespread activation, while MD cases exhibit higher
mean attention intensity and stronger localization. Confirming that the model uses disease-
relevant biomarkers to distinguish closely comparable cognitive phases, the difference
maps highlight locations where MD shows noticeably closer attention than VMD, especially
in deep gray-matter structures and temporal domains. These findings confirm that the ViT
captures clinically significant anatomical patterns rather than just learning global texture
signals. Furthermore, by highlighting the crucial function of the self-attention system in
simulating long-range interdependence and minute morphological alterations, the attention
visualizations corroborate the ablation findings.

The attention analysis increases confidence in the dependability of the suggested
framework for early and fine-grained Alzheimer’s disease stage classification, makes the
decision-making process transparent, and validates the model’s capacity to differentiate
MD from VMD based on biologically plausible features (Figure 10).
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Figure 9. Attention map visualization and classification confidence for MildDemented and VeryMild-
Demented MRI samples.

Potential imaging biomarkers that reflect the structural progression of Alzheimer’s
disease are highlighted by the observed attention differences, which show a progres-
sive localization of atrophy-related regions as the disease progresses and reveal disease-
specific attention patterns that shift from diffuse cortical involvement in VeryMild-
Demented cases to more focused activation in hippocampal and temporal regions in
MildDemented cases.
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Figure 10. Comparative attention analysis between MildDemented and VeryMildDemented MRI
samples using Vision Transformer.

4.5. Comparative Analysis

Table 5’s comparative study demonstrates how well the suggested standalone ViT
model performs in comparison to current methods for classifying Alzheimer’s disease. On a
four-class Kaggle MRI dataset, the suggested standalone ViT model outperforms a number
of current ViT-based methods with an accuracy of 97.98%. With a simplified architecture,
our model performs similarly to MAE/DeiT [22], which reports 98% on ADNI/OASIS MRI.
The lesser accuracy of hybrid or improved ViT variations, such as ViT + Optimizer [23]
(95.75%) and Resizer Swin Transformer [25] (94.01%), emphasizes the advantage of direct
global attention without additional complication. While ensemble or hybrid designs, such
as Ensemble ViT-B16 + CNN [27] and Hybrid-RViT [35], perform well on binary tasks,
the suggested ViT performs exceptionally well in multi-class classification with a unified,
effective architecture that successfully captures global dependencies across MRI scans.

Table 5. Comparative analysis.

Reference Data Type Technique Accuracy Classes

[41] (2021) ADNI MRI AlexNet 95% 4
[42] (2025) Kaggle MRI FiboNeXt 95.93% 4
[43] (2022) ADNI MRI CNN 94.61% 4
[44] (2024) Kaggle MRI ViT + DNNs 97.65% 4
[45] (2018) ADNI sMRI + DTI 3D CNN 96.7% 2
[46] (2024) ADNI MRI CNN 95.62% 2
[47] (2019) OASIS MRI SVM 92.9% 4
[22] (2023) ADNI/OASIS MRI MAE/DeiT 98% 4
[23] (2025) ADNI1/ADNI2 MRI ViT + Optimizer 95.75% 4
[25] (2023) ADNI/AIBL MRI Resizer Swin Transformer 94.01% 4
[27] (2025) OASIS MRI Ensemble ViT-B16 + CNN 97.31% 2
[35] (2025) ADNI MRI Hybrid-RViT 95% 2

Proposed Model Kaggle MRI ViT 97.98% 4
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Transformer-based hybrids, such as the ViT + DNN method in [44], demonstrate
enhanced performance (97.65%), indicating the advantage of adding global attention
mechanisms. Nevertheless, these techniques usually incorporate several deep learning
elements, which raise the complexity of the architecture.

In multi-class and binary classification tasks, traditional CNN-based designs, like
AlexNet [41], FiboNeXt [42], regular CNNs [43,46], and hybrid 3D CNN models [45], typi-
cally attain accuracies between 94% and 96.7%. Although these models provide competitive
results, their performance is sometimes limited by their reliance on local feature extraction
and small receptive fields, which may compromise robustness when handling subtle struc-
tural differences in MRI data. Therefore, global interaction between all image patches is
made possible by the self-attention mechanism in ViTs, which makes it possible to describe
long-range spatial relationships effectively. ViTs perform better than CNN-based models
in capturing global dependencies in AD MRI, because Alzheimer’s-related neurodegener-
ation entails distributed structural alterations across several brain areas rather than just
local patterns.

The suggested standalone ViT model, on the other hand, outperforms all other CNN-
based and hybrid approaches with an accuracy of 97.98% while keeping a more straight-
forward and cohesive architecture. Global structural patterns linked to early neurode-
generation can be more effectively captured thanks to the capacity to describe long-range
spatial dependencies. This shows that ViT-based topologies offer a very effective and
precise solution for MRI-based Alzheimer’s disease classification, even in the absence of
auxiliary networks.

5. Conclusions, Limitations and Future Work
In this work, we used structural MRI data to create a standalone ViT model for

the classification of AD into four stages. The suggested model outperformed several
CNN-based, ViT-based and hybrid techniques, with an astounding accuracy of 97.98%.
These findings show how well the ViT design captures global structural relationships
in MRI scans, which are essential for identifying neurodegenerative alterations in the
different brain patterns. ViTs’ self-attention mechanism enables the model to integrate
information across distant patches, in contrast to traditional CNNs that rely on local
receptive fields. This results in superior differentiation between visually comparable
classes, such as MildDemented and VeryMildDemented.

Additionally, the standalone ViT architecture’s simplicity eliminates the need for
complex feature engineering processes, increasing its scalability and integration for
clinical implementation.

There are still a few restrictions in place despite these encouraging outcomes. The
model’s capacity to capture complementary biochemical or functional information of-
fered by modalities like PET or DTI may be limited by the study’s exclusive reliance on
single-modality MRI data. Furthermore, the model’s robustness and generalizability across
various patient cohorts may be impacted by the dataset’s small size in comparison to
population-level clinical data, even though it is enough for preliminary evaluation. Further-
more, even if attention mechanisms offer some interpretability, more work is required to im-
prove clinical explainability so that predictions are consistent with neuroanatomical data.

These restrictions point to a number of directions for further research. Multimodal
data fusion, such as combining MRI with PET, DTI, or clinical indicators, may enhance
diagnostic precision even more, especially for the diagnosis of AD in its early stages.
Investigating hybrid ViT-CNN architectures could make use of both local and global feature
representations, capturing long-range relationships and fine-grained texture patterns. To
increase transparency and clinical trust, attention-based visualization approaches should
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be used to highlight areas that are most pertinent to classification. Lastly, to guarantee
the model’s robustness, generalizability, and preparedness for actual clinical deployment,
validation on the largest datasets will be crucial.

To sum up, the suggested standalone ViT provides a strong, effective, and comprehen-
sible framework for automated Alzheimer’s disease identification. Its excellent multi-class
MRI classification performance sets the stage for upcoming transformer-based advance-
ments in medical imaging, supporting the more general objective of early, precise, and
clinically useful identification of neurodegenerative diseases.
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